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Abstract: Concerns have been raised on the effectiveness and sustainability of Soil and Water Conser-
vation (SWC) practices as adaptation options to climate change and high intra– and inter–annual
rainfall variabilities in eastern Democratic Republic of Congo (DRC). This study was conducted in the
Ruzizi Plain, a dryland area, to assess the performance of maize (Zea mays L.) under two Representa-
tive Concentration Pathways (RCP 4.5 and 8.5) and two SWC practices (tied ridges and conventional
tillage). The AgMIP’s Regional Integrated Assessment (RIA) approach was used to simulate Water
Use Efficiency (WUE) under the Cropping System Model–Crop Environment Resource Synthesis
(CSM–CERES–Maize) of the Decision Support System for Agro–technology Transfer (DSSAT). The
model was calibrated using experimental data from nine cropping seasons (2011–2018) and 100
farms. The model sensitivity was assessed as a function of temperature, water, and SWC practices for
the same environments. Initial conditions of crop management practices were used as input data
for CSM–CERES–Maize. Current climate data were extracted from AgMERRA datasets corrected
with local data for the period of 1980 to 2021. Future climate projections (2022–2099) were obtained
after down−scaling the data from the 29 General Circulation Models (GCMS) of Coupled Model
Intercomparison Project 5 (CMIP5) and subsetted to five GCMs based on climate regimes. GCMS
results were a strong indicator that climate change in this DRC dryland will result in an increase
in average annual temperatures for both RCP 4.5 and 8.5, with the highest increase (3.05 ◦C) under
hot/dry conditions for RCP8.5 and the lowest (1.04 ◦C) under cool/dry conditions for RCP 4.5. All
the models selected for five climate regimes for 2022–2099 showed no change in the rainfall trends for
RCP 4.5 (p > 0.05). The models projected yield declines of 5–25%, with less yield losses under tied
ridges as an adaptation practice. The use of efficient SWC practices could therefore be a promising
strategy in reducing potential losses from climate change in drylands of eastern DRC.

Keywords: climate change scenarios; crop modeling; DSSAT; dryland; maize; soil and water conservation

1. Introduction

Water is an essential input for crop production, but it is increasingly scarce in agri-
culture due to competition from rapid population growth, industrialization, and urban-
ization [1]. In Sub–Saharan Africa (SSA), water is the limiting factor affecting crop yields
most because of climate change, which has affected rainfall distribution across cropping
seasons and years [2]. This limitation is most experienced in semi–arid areas of the tropical
regions, characterized by high evapotranspiration rates as a consequence of high net global
solar radiation [3,4]. It is important to note that crop production in these areas intrinsically
depends on the rainfall, with an irregular regime, both at the inter–annual and intra–annual
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scales [5,6]. Apart from the high inter–annual and intra–annual rainfall variabilities, dry
regions are experiencing an increase of consecutive dry days during the rainy seasons [7],
a situation that increases uncertainty in crop production and results in harvest loss [8].

Ruzizi Plain is one of the eastern Democratic Republic of Congo (DRC) regions char-
acterized by high inter–annual and intra–annual (600–900 mm) uncertainty in rainfall
events [9,10]. Consequently, planning rainfed agriculture has become challenging as irri-
gation facilities and appropriate soil–water conservation practices are still limited. Thus,
farmers tend not to invest in sustainable, productive, and economically promising practices
since the farming outcomes are unpredictable. Many researchers suggested increasing
the water productivity in such regions by investing in soil and water conservation (SWC)
practices [11,12]. SWC practices such as tied ridges showed potential in reversing the
negative impacts of climate variability and climate change in semi–arid areas of SSA [13,14].
These authors showed an increase of 7.1 to 82% of yield in different African countries.
However, the effectiveness of these practices is affected by the inter– and intra–seasonal
rainfall variabilities, which are expected to increase with climate change. Furthermore, the
International Panel on Climate Change [15] and other researchers have warned that climate
change will significantly affect agriculture as a unique economic sector that directly relies
on using weather parameters [16,17]. The global mean surface temperature may increase by
2–6 ◦C in the period between the near future and the end of century and may strongly have
a negative influence on the yield response (roughly 0.5 t ha−1 per ◦C) [16,17]. Therefore,
it is necessary to investigate how different SWC practices allow maintaining reasonable
yields of different crops under current and future climatic conditions.

Evaluating the long–term effects of climate variability on agricultural production
requires costly and time–consuming longitudinal studies [18]. In addition, the Ruzizi
Plain presents significant gaps and inconsistencies in the relationships between weather
parameters and yield. To address the issue, it is recommended that use be made of an
accepted strategy of combining the results of short–term experiments with robust and
validated dynamic crop models [18–20]. Physiology–based crop models have become an
essential tool for predicting the impact of climate change from limited experimental data
across different climate zones, soil types, crop management regimes, and broader climate
change scenarios [21]. Many studies have used crop models to assess the response to
different farming systems, soil management, and changes in the magnitude and intensity
of climatic factors in many regions to support policy decisions [22–25]. These research
projects reported that maize production would result in a yield reduction of 1.7–16 and
28–46.8% for RCP 4.5 and RCP 8.5, respectively, by the middle of the century without
adaptation measures [22–25]. Furthermore, these simulation models can be used to assess
the impact of long–term climate variability on crop productivity for a range of soil and
water management strategies [20,26].

Several models, especially the Decision Support System for Agro–technology Trans-
fer (DSSAT), have been tested in a wide range of soils, crop management, and climatic
conditions in smallholder farming systems in SSA [27–29]. DSSAT was selected because
of the ability of the CSM–CERES–Maize model to simulate maize growth, yield, water
use efficiency (WUE), and soil water balance [18,30,31]. However, limited research has
been conducted in SSA on how soil and water conservation practices will respond to crop
models and be long–term solutions in the context of climate change. To meet the growing
demand for climate change impact assessment, maize WUE needs to be simulated using
crop and climate models so as to evaluate the sustainability of SWC practices under climate
change scenarios. This study used the Regional Integrated Assessment (RIAs) approach
proposed by the AgMIP [30–32], which includes the utilization of climate and crop models
to evaluate the climate change impact on maize crop. The objectives of this study were:
(1) to characterize climate change dynamics in Ruzizi Plain, (2) to evaluate the ability of the
CSM–CERES–Maize model to predict grain yield and WUE under different climate change
scenarios, and (3) to assess how SWC practices as adaptation measures affect maize yield
and WUE under different climate change scenarios.
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2. Materials and Methods
2.1. Study Site and Data Collection

This study was conducted in the Ruzizi Plain, which spreads over three countries,
i.e., DRC, Rwanda, and Burundi, and covers 175,000 ha (Supplementary Figure S1). For
conducting climate change evaluation, data from field experiments and farms were col-
lected. The Ruzizi Plain has a type Aw4 tropical climate according to the Köppen climatic
classification and is characterized by a bimodal rainfall regime. The long rainy season
commences in October and ends in February, while the short rainy season starts in February
and ends in June. The short rainy season is followed by a four–month dry season (June
to September). The Ruzizi Plain receives annual rainfall ranging from 600 to 900 mm.
Minimum and maximum temperatures vary between 18 and 32 ◦C, with very high daily
temperature variations (14 ◦C) in some areas within the plain [33].

2.2. Methodological Approach

This study used the AgMIP’s Regional Integrated Assessment (RIA) approach to
assess the vulnerability of agricultural systems to climate change [32,34,35]. Four main
questions are addressed in the RIA. First, what is the sensitivity of current agricultural
production systems to climate change? Second, what are the benefits of interventions in
current agricultural systems? Third, what are the impacts of climate change on future
agricultural production systems? Finally, what are the benefits of adaptations to climate
change? Therefore, current and future climate change data should be used in the crop model
to simulate current and future yields, water use efficiency, and soil water balance. Figure 1
presents the analytical flow chart for answering the questions raised in the RIA approach.
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Figure 1. The Regional Integrated Assessment Approach development framework used in the study.

2.2.1. Collection and Correction of Historical Climate Data

The RIA approach to climate change impact assessment requires daily climate data
for crop modeling. However, eastern DRC is generally a data–scarce agricultural region
where long–term daily climatic data are unavailable. Therefore, the AgMIP climate forcing
dataset (AgMERRA) provided by Modern–Era Retrospective Analysis for Research and
Applications (MERRA), a NASA platform, was used to fill the gaps in observed climate data
as suggested by Rienecker et al. [36]. The data collected from AgMERRA were corrected
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gridded of rainfall, minimum and maximum temperatures, wind speed, relative humidity,
and solar radiation covering the 1980–2010 period, as suggested by Ruane et al. [37]. The
observed data consisted of long–term monthly data of maximum temperature (Tmax),
minimum temperature (Tmin), and rainfall obtained from the Centre de Recherche en
Hydrobiologie (CRH)–Uvira and the Burundi State Department of Meteorology located
in Mparambo, Ruzizi Plain. Data gap filling was used to fit daily climate data from
AgMERRA with the collected monthly field data. Precipitation data were corrected using
the Double Mass Curve Analysis (DMCA) derived from the arithmetic mean, multiple linear
regression, and the non–linear iterative partial least–squares algorithm [38]. Temperature
data were corrected using exponential equations and the non–linear iterative partial least–
squares algorithm as supported by Kashani and Dinpashoh (2012). The period 1980–2009
was considered a reference period because of the availability of complete AgMERRA
climatic datasets. The 30–year reference period considered in this study consists of a daily
meteorological record for a fixed atmospheric CO2 concentration of 360 ppm [22].

2.2.2. Future Climate Projection and Statistical Downscaling of GCMs

Future climate data were obtained from downscaling the 29 climate models of the
family of Coupled Model Inter–comparison Project Phase 5 (CIMP5) of the World Climate
Research Program (Supplementary Table S1) under two Representative Concentration
Pathways (RCP 4.5 and RCP 8.5). Three periods were selected for RIA, i.e., the near future
(2022–2039), the mid–century (2040–2069), and the end of century (2070–2099). RCPs are a
series of trajectories of greenhouse gases, air energy, land use, pollutant emission, socio–
economic change, and technological development reported by IPCC based on different
21st Century pathways [39]. Since it is not practical to assess the impacts of climate change
on agricultural systems at a local scale with coarse data from the 29 GCMs, location–
specific climate change scenarios were downscaled using a simple Delta method. The Delta
method is a statistical downscaling of GCMs in which monthly changes in temperature
and precipitation from a GCM, calculated at the grid–scale, are added to the corresponding
observed station data. The method assumes that future biases for both the mean and
variability will be the same as the current [37,40]. One of the objectives of AgMIP is to
provide some advice on creating climate change scenarios to agricultural experts who are
not familiar with climate modeling. However, impact assessments in the sectors have
often been influenced by bias in selection, leading to inconsistencies between studies. For
example, White et al. [41] revealed differences between crop modeling studies in the number
and types of GCMs used. Many studies use a small number of models. AgMIP regional
integrated assessments and many inter–comparison projects use five GCMs depending on
their prominence in the literature, the length of participation in the CMIP program, and the
spatial resolution [37,39].

Due to the high number of combinations of individual elements in an integrated
assessment framework, it was important to subset GCMs in order to reduce the loss of
information by selecting practical and consistent GCMs for use in RIA. Therefore, based on
the subset method that Ruane and McDermid [39] developed, five of 29 GCMs of the CMIP5
family were selected to generate the climate change projections under each Representative
Concentration Pathway (RCP 4.5 and RCP 8.5) for each time period. It represents the
uncertainty in projected temperature and rainfall changes for the study site. The criteria
for selecting these GCMs were based on scatter plots of the mean change in temperature
versus the percentage change in precipitation for different periods [22,39]. Ruane and
McDermid [39] suggested to characterize the location–specific changes in temperature and
precipitation projected by an individual model in terms of deviation from the ensemble
median, in order to identify the fundamental classes of climate change projected for the
study area over a specific time period and RCP. Therefore, the projections for a GCM
were relatively cool or hot and relatively wet or dry. Thus, a GCM with low levels of
global warming may be classified as “relatively cool” for a given region if it is cooler
than the median of all GCMs. Similarly, a GCM with a slight long–term drying trend
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may still be “relatively wet” if the median of all GCMs projects a more extreme drying
trend. The GCM projections were then classified into four climate regimes: cool/wet,
cool/dry, hot/wet, and hot/dry). A fifth classification, “middle”, is also introduced to
capture the patterns that represent the junction of these quadrants around the median of
the ensemble. In selecting a representative model for each quadrant, it was not necessary
for the model representing a given quadrant to be centered in the quadrant. The philosophy
developed by the RIA approach is to choose a model at the center of the GCMs that fall in
that quadrant, whose role is to represent the types of change projected by these models.
Therefore, the selection of a representative model was facilitated by calculating the center
of mass of the quadrant for temperature and precipitation changes. This is achieved by
plotting the average change in temperature and precipitation for all GCMs that fall in a
given quadrant (Supplementary Figure S2). Table 1 presents the five models selected after
subsetting the 29 GCMs of the CMIP5 family under RCP 4.5 and RCP 8.5. The five models
were selected based on the period of simulation, the near future (2022–2030), mid–century
(2040–2069), and end of the century (2070–2100). The climate downscaling and subsetting
was computed using R 4.0 (https://cran.r--project.org/bin/windows/base/old/4.0.1/
(accessed on 11 November 2021)) through the packages R.matlab, R.methodss3, and R.utils.

Table 1. Models selected for Regional Integrated Assessment for climate change scenarios.

Period Near Future (2022–2039) Mid–Century (2040–2069) End of Century (2070–2099)

Climate Regime/RCPs RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5

Cool/Wet GFDL–ESM2M IPSL–CM5B–LR IPSL–CM5B–LR CESM1–BGC CESM1–BGC CESM1–BGC
Cool/Dry FGOALS–g2 FGOALS–g2 BNU–ESM MIROC5 INMCM4 NorESM1–M
Hot/Wet IPSL–CM5A–MR CanESM2 GISS–E2–H CanESM2 GISS–E2–H CanESM2
Hot/Dry ACCESS1–0 ACCESS1–0 CMCC–CM ACCESS1–0 CMCC–CM ACCESS1–0
Middle BCC–CSM1–1 IPSL–CM5A–MR MPI–ESM–LR BCC–CSM1–1 MPI–ESM–LR GISS–E2–H

GFDL–ESM: NOAA/Geophysical Fluid Dynamic Laboratory–Earth System Model; IPSL–CM: Institute Pierre
Simon Laplace–Coupled Model; CESM1–BGC: Community Earth System Model, version 1–Biogeochemistry;
FGOALS–g2: The flexible global ocean–atmosphere–land system model, Grid–point Version 2; BNU–ESM: Beijing
Normal University Earth System Model; MIROC5: Model for Interdisciplinary Research on Climate Version 5;
CanESM2: The second generation Canadian Earth System Model; GISS–E2–H: NASA/Goddard Institute for
Space Studies–ModelE/Hycom; ACCESS1–0: Australian Community Climate Earth–System Simulator version 1;
NorESM1–M: The Norwegian Earth System Model version 1; CMCC–CM: Euro–Mediterranean Centre on Climate
Change–Carbon cycle Model; BCC–CSM1–1: Beijing Climate Center Climate System Model version 1; INMCM4:
Institute of Numerical Mathematics Climate Model, version 4.0; MPI–ESM–LR: Max Planck Institute–Earth System
Model–Low Resolution.

2.2.3. Projected Trend and Relative Change

The projected annual temperature and rainfall trends were determined and quantified
using Mann–Kendall statistical test and Sen’s slope estimator based on the “MAKESENS”
Microsoft Excel template developed by the Finish Meteorological Institute [42]. The relative
change (∆) was the main matrix for defining the changes in rainfall or temperature in this
study. According to Hsiao et al. [43], for any quantity X, the relative change (%) compared
to its reference state (Xref ) is defined by Equation (1):

∆(X) =

(
X− Xre f

Xre f

)
× 100 (1)

where Xref denotes the quantity over the early period.

2.3. Water Use Efficiency and Yield Simulation by CSM–CERES–Maize
2.3.1. Crop Model Description

Three important parameters were set before running the model. These are soil con-
ditions, climate, and crop management parameters. Root growth factors were set at 1.0
as non–limiting in the Ruzizi Plain, as suggested by Jones et al. [18], for all root depths
above 30 cm. In addition, the soil physical and chemical properties data of Ruzizi Plain
were obtained through soil analyses, and the details are described by Bagula et al. [10].
Other conditions such as slope were set in the model. Runoff potential and drainage rate

https://cran.r--project.org/bin/windows/base/old/4.0.1/
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conditions were estimated automatically and, respectively, based on the Natural Resource
Conservation Service–Curve Number method (NRCS–CN) and soil water balance based
on the Ritchie equations [18]. These conditions were defined differently according to SWC
practices (Table 2).

Table 2. Definition of CSM–CERES parameters for SWC practices.

Parameter Tied Ridge Conventional Tillage

Drainage Somewhat excessive Somewhat excessive
Tillage Cultivator, ridge till Disk, 1–way

Tillage depth 30 10
Fertility factor 0.7 0.7

Runoff potential Lowest Moderately high
Runoff curve number 61 91

Drainage rate 0.75 0.75
Water availability 0.8 0.5

Experiments’ information on the variety, initial conditions (previous crop sown, re-
maining crop, and root residues weight) and crop management (sowing date, tillage,
amount of fertilizer, irrigation, harvest date, etc.) were recorded. This farm and experi-
ment management information was used to create input files for the CSM–CERES–Maize
model. The most widely cultivated maize variety in the region is Ecavel, and it was used
for calibration and simulation processes. Ecavel is an open–pollinated variety with a crop
cycle of 90–110 days and a yield potential of 1.5–3 t ha−1. This variety is recommended at
800–1300 m above sea level. However, no report on its drought resistance exists [44]. The
planting density of 50,000 plants per hectare was estimated for each farm. Fertilizer was ap-
plied at 30 kg of N per ha to allow for model sensitivity. Since DSSAT (CSM–CERES–Maize)
does not have a soil and water conservation practices component [45], it was necessary to
define more parameters influenced by SWC practices. For sensitivity analysis, the percent-
age of water availability was incorporated into the model to determine the stress factor for
each SWC practice.

2.3.2. Crop Model Calibration and Evaluation

Model calibration was conducted to adjust model parameters to fit the simulated
values with the observed data. Simulated crop yield values were compared with ob-
served values so as to evaluate model performance. Crop yield data were collected
from 2011 to 2019. Data were obtained from trials of 9 agricultural seasons conducted
by Bagula et al. [10,46,47] and 100 maize farms surveyed in the Ruzizi Plain for the 2018
growing season. Farms were selected using a simple random sampling method. Farm
data included only conventional tillage practice, while experimental data included both
tied ridges and conventional tillage practices. The genotype coefficients were calibrated
using the GenCalc method [18]. Three common statistical indicators were used to quantify
the goodness of model fitting, i.e., the root–mean–squared error (RMSE), coefficient of
determination, and the degree of model agreement (D–index) [27,48]. These indices were
calculated using the following formulae:

RMSE =

√
n

∑
1

1
n
(Pi −Oi)

2 (2)

D− index = 1−


n

∑
i=1

(Pi −Oi)
2/

n

∑
i=1

[∣∣∣P′i∣∣∣+ ∣∣O′i∣∣]2

 (3)

with Pi and Oi the predicted and observed yields, respectively, and Ō the average observed
yields over all replications in the group. The exceedance probability was used to mea-
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sure the agreement between simulated and observed values [49]. The validation aims
to determine whether the model is accurate enough for its application as defined by the
objectives of the simulation study [50]. The model was evaluated for validation using again
the coefficient of determination, the RMSE, and the D–index

2.3.3. Sensitivity Analysis to Climate and Soil and Water Conservation Practices

The CSM–CERES–Maize model sensitivity analysis was performed for various tem-
peratures, rainfall, and SWC practices while other parameters were fixed at their normal
values. This analysis provides guidance to improve the quality of assessment practices and
decision support systems used in agricultural and environmental decision–making [51].
Climate data of 30 years (1980–2010) were used for the sensitivity analysis. The observed
daily maximum and minimum temperatures were modified by −4, −2, +2, +4, and +6 ◦C.
The precipitation was adjusted to 25, 50, 75, 100, and 200% of the daily values as proposed
by Ahmad et al. [22]. Water availability for initial conditions was adjusted at 20, 40, 60, and
80% for soil and water practices sensitivity.

2.4. Model Simulation for Climate Change Scenarios and SWC Adaptation Packages

The outputs of the climate models were used to run the DSSAT model to assess the
impacts of climate change on maize yield, water use efficiency, and soil water balance
under two SWC practices (tied ridges and conventional tillage). Other practices were
maintained constant. Selected climate model data were aggregated for 2022 to 2099 in one
file for each RCP, and each climate subsetting was considered a climate regime. For climate
change impact assessment, crop simulations were performed by combining climate and
crop management (CM), designated as the CM1 to CM4 codes (Table 3).

Table 3. Climate change analyses for the evaluation of potential changes in the agricultural system.

Production System Adaptation Yield Change Ratio

Climate impacts on current production system No CM2/CM1
Climate adaptation on current production system Yes CM3/CM1

Climate impact and SWC as potential adaptation option Yes CM4/CM2

CM1: current climate, current management, CM2: climate change, current management, CM3: current climate,
management with SWC adaptation, CM4: climate change, management with SWC adaptation.

A CM code represents a combination of climate impact and crop management as
suggested by Ahmad et al. [22]. CM1 analysis was conducted using the current production
system with the current climate (1980–2020). For CM2, current production systems were
simulated with future climate scenarios. For CM3, simulations were performed using the
current climate with SWC practices designed for climate adaptations. Finally, in CM4,
simulations were performed using SWC practices designed for climate adaptation under
different climate change scenarios.

3. Results
3.1. Historical and Future Climate Patterns in Ruzizi

The results of the reference period (1980–2020) indicated a significant increase in
temperature of ~0.02 ◦C each year (p < 0.01). There was also a strong indication that climate
change in the target region would increase the average annual temperature. Table 4 shows
the average temperatures for the RCP 8.5 and RCP 4.5 scenarios. The highest temperature
increase was 3.05 ◦C under hot/dry conditions for RCP 8.5, while the lowest increase was
1.04 ◦C under cool/dry conditions for RCP 4.5. The trends of temperature changes for
RCP 4.5 under middle, cool/wet, and hot/wet followed the same trends as the baseline.
For RCP 4.5, only the cool/dry condition showed a temperature trend below the baseline
average, while models predicting hot/dry conditions showed an increment of 1.98 ◦C
above the current increase in the baseline. All scenarios of RCP 8.5 showed that at the end
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of the century, the annual average temperature would increase significantly compared to
the current trends (Figure 2).

Table 4. Change in trends of temperature and rainfall data from the reference period and projected
data trends under RCP 4.5 and RCP 8.5.

Temperature Rainfall

RCP Model Subsetting Test Z Sen S ∆T (◦C) p Test Z Sen S CV ∆Pr (mm) p
Baseline Uncorrected 5.81 0.02 − p < 0.01 0.85 4.67 30.9 − p > 0.05
Baseline Corrected 5.81 0.02 − p < 0.01 1.47 2.41 10.01 − p > 0.05
RCP 4.5 Cool/Dry 6.81 0.01 1.04 p < 0.01 −0.18 −0.11 9.71 −38.74 p > 0.05
RCP 8.5 Cool/Dry 10.07 0.04 1.84 p < 0.01 0.35 0.14 9.87 −24.40 p > 0.05
RCP 4.5 Cool/Wet 9.77 0.02 1.05 p < 0.01 −0.32 −0.18 10.28 75.50 p > 0.05
RCP 8.5 Cool/Wet 10.04 0.03 2.23 p < 0.01 3.29 2.48 14.84 28.27 p < 0.01
RCP 4.5 Hot/Dry 10.21 0.03 1.97 p < 0.01 −0.99 −0.46 9.54 −61.83 p > 0.05
RCP 8.5 Hot/Dry 10.22 0.07 3.05 p < 0.01 0.28 0.12 9.84 −39.89 p > 0.05
RCP 4.5 Hot/Wet 10.04 0.02 1.90 p < 0.01 0.65 0.31 9.95 98.23 p > 0.05
RCP 8.5 Hot/Wet 10.22 0.06 2.98 p < 0.01 3.27 1.82 11.27 115.34 p < 0.01
RCP 4.5 Middle 9.85 0.02 1.5 p < 0.01 1.48 0.7 9.63 17.76 p > 0.05
RCP 8.5 Middle 10.16 0.05 2.41 p < 0.01 2.22 1.11 10.47 20.51 p < 0.01

Legend: RCP: Representative Concentration Pathways; CV: coefficient of variation; Sen S: Sen slope; ∆T (◦C):
difference of temperature, ∆Pr: difference in rainfall.
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The rainfall of the baseline and future climate data showed different trends. It is
noteworthy that high inter–annual variability was observed in the Ruzizi Plain, increasing
uncertainty in predicting events (Table 5). The mean annual rainfall of the selected period
was 785.1 mm, with a standard deviation of 242.8 mm, a coefficient of variation (CV) of
30.9%, and a Sen slope of 4.67. The minimum and maximum annual values of recorded
rainfalls were 272.1 mm (in 1997—the driest year) and 1231.6.5 mm (in 1989—the wettest
year), respectively. The result of the normality test (using the Shapiro–Wilk test) indicated
that cumulated annual rainfall data were not normally distributed at the significance level
of 5%. After correcting data with AgMERRA for the series of weather data (1980–2019), the
CV became 10.01% and a Sen’s slope of 2.41. No change in trend was observed again for
rainfall data (p > 0.05).

Table 5. Delay in rainfall at the start of the season as predicted by GCMs.

Baseline RCP 4.5 RCP 8.5

Mean CV (%) Mean CV (%) Mean CV (%)
Baseline 10.0 81.0

Cool/Dry 15.3 101.3 11.7 92.8
Cool/Wet 8.9 80.4 15.1 95.5
Hot/Dry 10.2 78.9 10.6 80.5
Hot/Wet 8.7 80.3 27.4 87.7
Middle 15.9 109.6 10.3 76.8

Legend: RCP: Representative Concentration Pathways; CV: coefficient of variation.

The five climate regimes/subsettings selected for the period 2022–2099 showed no
change in the precipitation trends for RCP 4.5 (p > 0.05). The CVs remained low (9.54–9.95%)
and showed a low inter–annual variability in precipitation. A similar trend to the base-
line will continue to be observed until the end of the century for RCP 4.5. In contrast,
a slight trend of increasing precipitation in the RCP 8.5 scenarios was shown by the Sen’s
slope for the models that predicted cool/wet (2.48) and hot/wet (1.82) future and middle
conditions (1.11). However, the climate data showed no change in precipitation trend for
the models that predict a hot/dry and a cool/dry future (p > 0.05). However, the model
that predicted a cool and wet future for RCP 8.5 in the Ruzizi Plain showed an increment in
inter–annual variability (CV = 14.8%) compared to the baseline (CV = 10.01%). This trend
increases the uncertainties in the prediction of events.

Beyond the increases in temperature and inter–annual rainfall variabilities, data from
the climate change projection models showed an increase in the delay in the return of rain at
the start of the seasons (Table 5). The reference period recorded an average of a 10–day delay
in the return of rainfall at the start of the seasons (1 November for Season A and 1 March
for Season B) with a CV of 81%. Climate change data for RCP 4.5 showed an increase in
delay of rainfall return for models that predicted a cool/dry condition (15.3 days) and a
middle condition (15.9 days), with CVs of 101 and 109%, respectively. On the other hand,
for RCP 8.5, there was an increase in the return period of rainfall of 27.4 days and 15.1 days
for the models predicting hot/wet and cool/wet conditions, respectively, with CVs of
87.7 and 95.5%.

3.2. Climate Change Impacts on Current and Future Maize Production Systems
3.2.1. Model Calibration and Evaluation

Figure 3 shows the good performance of the CSM–CERES–Maize model for variety
Ecavel to simulate yields. The model performed with an R2 of 82.1%, a coefficient of
agreement of 0.94, and an RMSE of 203.6 kg ha−1. After calibration and sensitivity tests,
the CSM–CERES–Maize model simulated values were slightly higher than the observed
on–farm yield data. It was noted that for an exceedance probability of 90%, observed and
simulated yields were greater than or equal to 1300 kg ha−1. An exceedance probability
of only 20% showed a yield greater or equal to 2300 kg ha−1. The CSM–CERES–Maize
model can hence accurately simulate maize yield under different soil practices and climate
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scenarios. However, the model was sensitive to changes in rainfall and temperature
(Table 6).
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Table 6. Genetic coefficients for the maize variety Ecavel.

Coefficient Description Initial Value Calibrated Value

P1 (◦ days) Thermal time from seedling emergence to the end of juvenile phase 165 212

P2 (◦ days) Delay in development for each hour that day length is above 12.5 h 0.1 0.75

P5 (◦ days) Thermal time from silking to time of physiological maturity 476 800

G2 Maximum kernel number per plant 442 800

G3
(mg day−1)

Kernel growth rate during linear grain filling stage under
optimum conditions 5.35 8.5

PHINT
(◦C day tip−1) Thermal time between successive leaf tip appearance 40 40

The results show that it takes 212 ◦C growing days (p1) for the variety Ecavel to
progress from seedling to active growth. Each hour beyond 12.5 h of plant exposure to light
and solar radiation reduced the equivalent development of the day by 25%. Furthermore,
a total of 800 ◦C days are required during grain filling. The PHINT genotypic coefficient
indicates that 40 ◦C days are needed for a leaf tip to appear. The coefficients G2 and G3
are related to crop yield and express the amount of radiation available. It can be seen, for
example, that a total of 800 W/m2 is required.

3.2.2. CSM–CERES–Maize Sensitivity to Temperature and Rainfall Variation

Simulated grain yield response to changes in precipitation and temperature is shown
in Figure 4. The model was sensitive to precipitation, temperature, and water availability
changes. Grain yield was negatively affected by an increase in temperature; it decreased
by 7.2% when the temperature increased by 1 ◦C and decreased by 14.9 to 28.6% when
temperatures increased by 2 to 4 ◦C. The highest grain yield loss (46.3%) was observed
at a temperature increase of 6 ◦C. There was a slight positive response of the model to
the increase in rainfall. When rainfall increased from 10 to 50%, the grain yield increment
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ranged from 1.35–3.38%, and when it decreased from 10 to 20%, yield losses also ranged
from 2.6–8.78%. The model responded strongly to the decrease in rainfall by 50%, resulting
in a yield loss of 47.37%.

Land 2022, 11, 1409 12 of 24 
 

from 2.6–8.78%. The model responded strongly to the decrease in rainfall by 50%, result-

ing in a yield loss of 47.37%. 

 

Figure 4. Simulated yield response to rainfall and temperature changes for sensitivity analysis: (a) 

change in temperature; (b) change in rainfall. 

3.2.3. Change in Maize Yield, Water Use Efficiency, and Soil Water Balance under the 

Current Agricultural Production System and Adaptation 

Historical simulation data (Figure 5) showed that maize yields in the current produc-

tion system varied over time, with a gap around the year 1995. Average yield under con-

ventional tillage was 1531.3 kg ha−1 with a CV of 19.25% for the period 1981 to 2020. This 

high coefficient of variation follows the trends related to rainfall data observed in the re-

gion. The soil water balance also changed with peaks, declines, and rebounds for the pe-

riod 1981 to 2020. Seasonal soil water balance was 25 mm for conventional tillage with a 

high CV (29.2%). Changes in climatic parameters greatly influenced the crop growth rate 

and, consequently, the change in soil water balance. WUE showed considerable variation 

similar to the maize yield trend. The average was around 16.23 kg ha−1 mm−1 with a CV of 

17.4%. These CVs in this parameter raise concerns about reducing uncertainty in predict-

ing yield, water use efficiency, and soil water balance.  

Tied ridges as a SWC adaptation technology reduced the CV (2%) and, therefore, 

uncertainty of yield prediction, despite a slight decrease in yield over time. An average of 

2268 kg ha−1 was observed from 1981 to 2020. As for the water use efficiency, tied ridges 

yielded 19.35 kg ha−1 mm−1 with a CV of 4.51%. Despite significant increases observed 

under tied ridges (47.15 mm) for the soil water balance, the CV remained high (19.7%). 

The climate adaptation on the current production system (CM3/CM1) was improved by 

48.2% and 19% for yield and WUE, respectively, when tied ridges were adopted as an 

SWC adaptation option. 

(a) (b) 

Figure 4. Simulated yield response to rainfall and temperature changes for sensitivity analysis:
(a) change in temperature; (b) change in rainfall.

3.2.3. Change in Maize Yield, Water Use Efficiency, and Soil Water Balance under the
Current Agricultural Production System and Adaptation

Historical simulation data (Figure 5) showed that maize yields in the current pro-
duction system varied over time, with a gap around the year 1995. Average yield under
conventional tillage was 1531.3 kg ha−1 with a CV of 19.25% for the period 1981 to 2020.
This high coefficient of variation follows the trends related to rainfall data observed in the
region. The soil water balance also changed with peaks, declines, and rebounds for the
period 1981 to 2020. Seasonal soil water balance was 25 mm for conventional tillage with a
high CV (29.2%). Changes in climatic parameters greatly influenced the crop growth rate
and, consequently, the change in soil water balance. WUE showed considerable variation
similar to the maize yield trend. The average was around 16.23 kg ha−1 mm−1 with a CV of
17.4%. These CVs in this parameter raise concerns about reducing uncertainty in predicting
yield, water use efficiency, and soil water balance.

Tied ridges as a SWC adaptation technology reduced the CV (2%) and, therefore,
uncertainty of yield prediction, despite a slight decrease in yield over time. An average of
2268 kg ha−1 was observed from 1981 to 2020. As for the water use efficiency, tied ridges
yielded 19.35 kg ha−1 mm−1 with a CV of 4.51%. Despite significant increases observed
under tied ridges (47.15 mm) for the soil water balance, the CV remained high (19.7%).
The climate adaptation on the current production system (CM3/CM1) was improved by
48.2% and 19% for yield and WUE, respectively, when tied ridges were adopted as an SWC
adaptation option.

3.2.4. Impact of Climate Change on Future Maize Production in Ruzizi Plain

The projected climate change data (Figure 6) showed that in both RCP scenarios
(4.5 and 8.5), maize grain yield, WUE, and soil water balance will be affected. A yield
reduction of 3% compared to the baseline (1547 kg ha−1) will be observed for RCP 4.5 with
a CV of 16.3%. On the other hand, a reduction of 26.2% yield will be observed if the climate
follows the RCP 8.5, with a high CV (28.3%), and therefore, it will increase the uncertainty
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in maize production. The results showed no change in WUE for RCP 4.5, but there will be
an increment in the uncertainty (CV 22.5%). In contrast, a decrease of 16.45% in WUE will
be observed for RCP 8.5 with an increment of CV (28.4%).
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Considering the five models representing different climate regimes separately (Figure 7),
differences were observed in predicting yield, water use efficiency, and soil water balance.
For RCP 4.5, most of the models showed a similarity in yield, with baseline conditions
(1547 kg ha−1), with a slight advantage for the model predicting a cool/dry scenario
(1570 kg ha−1) and a hot/wet scenario (1608 kg ha−1). Only the model predicting a hot/dry
condition showed a lower yield (1311 kg ha−1) compared to the reference period, i.e., a
yield reduction of 15.2%. Regarding future yield uncertainties, we noted that when the
climate follows the RCP 4.5 trajectory, the inter–annual variation in yield would remain in
the range of 13.7 to 18.4%. It is almost the same range as the baseline (15.6%). However, if
the climate follows the RCP 8.5 trajectory, the uncertainty in agricultural production will
be high. The models already predicted a reduction in yield ranging from 21.4 to 37.2%.
The lowest yield reduction was observed for the model predicting a cool and wet climate
(1431.5 kg ha−1), while the lowest yield was observed for the model predicting a hot/dry
climate (971 kg ha−1). The model predicting a cool/wet condition had once again the
lowest CV (16.3%). In contrast, the other models showed CVs ranging from 23.9 to 35.14%
in the future. The model predicted that the highest variation in yield (35.14%) would be
recorded when the future climate predicted will be hot/dry. In this circumstance, farmers
will have challenges predicting their production and, thus, increase their vulnerability to
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climate change. Regarding the climate change impacts on the current production system
(CM2/CM1), the CSM–CERES–Maize model showed no significant yield changes for all
climate conditions under RCP 4.5, except for hot/dry conditions, where the model showed a
future yield loss of 14%. In contrast, major changes were observed for all climate conditions
under RCP 8.5, with the highest yield loss for hot/dry conditions (37%) and the lowest
yield losses for the models predicting cool/dry conditions (7%).
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Figure 6. Impact of climate change on maize grain yield (a) and water use efficiency (b) under RCP
4.5 and 8.5.

3.2.5. Change over Time in Water Use Efficiency for Different Climate Change Conditions
under RCP 4.5 and RCP 8.5

Figure 8 presents a change in water use efficiency over time (from the near future
to the end of the century). Considering RCP 4.5, the change over time showed a slight
decrease in maize’s water use efficiency. The models that predict a hot and wet future
climate showed a higher WUE (20.3 kg ha−1 mm−1) than others (15.5 kg ha−1 mm−1).
Periods of rainfall rebound also showed a drastic change in WUE according to the rainfall
trajectory, with maxima ranging from 24.72 to 32.08 kg ha−1 mm−1 and minima ranging
from 6.6 to 10.9 kgha−1 mm−1. Towards 2075–2085, a decrease in WUE will be observed
for the model that predicts a hot and dry climate until reaching a WUE of less than
13.9 kg ha−1 mm−1.

On the other hand, for an extreme climate path (RCP 8.5), all models predicted lower
efficiencies (around 17 kg ha−1 mm−1) until the 2050s. From 2050 to 2070, periods of intense
fluctuations in water use efficiency (CV = 22.4 to 31.8%) will be observed for all models
before following periods of drastic falls of WUE at the end of the century (2070–2099). The
highest decline of WUE will be observed for the model that predicts a hot and dry future
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climate, with an average of 8.13 kg ha−1 mm−1 during the period 2070–2100, and will reach
a minimum of 4.3 kgha−1 mm−1. Certain stationarity (slight change) of water use efficiency
could be achieved when the model predicts a cool and wet future.
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3.2.6. Impact of Climate Change on Future Maize Production in Ruzizi Plain

The Figure 9 answers the question: What are the benefits of climate change adap-
tation strategies? The SWC adaptation strategy proposed in this study (tied ridge) has
proven its benefits in previous experiments in the Ruzizi Plain and is well documented
in Sub–Saharan African scientific literature. It is noted that under climate scenarios, tied
ridges will increase maize yields compared to conventional tillage by 38.2 and 50.2% for
RCP 4.5 and 8.5, respectively. In addition, tied ridges will decrease inter–annual variability
compared to conventional tillage from 22.24 to 14.1% when the climate follows the RCP
4.5 scenario and from 28.4 to 19.83% for RCP 8.5. Considering the models separately, it
was noticed that higher yields with tied ridges were obtained for the GCMs selected for
RCP 4.5. However, for RCP 8.5, despite the comparative advantages over conventional
tillage for all models, tied ridges would give better yield under a cool/wet condition
(1949 kg ha−1). Therefore, WUE will observe an increase linked to the adoption of tied
ridges, i.e., for RCP 4.5 and RCP 8.5, an increase of 12.1 and 15.3%, respectively, is likely
to occur. Once again, the tied ridges will reduce the inter–annual variability of WUE, i.e.,
5.45 and 17.2%, respectively, for the RCP 4.5 and RCP 8.5 trajectories. Considering the
different models separately, we noticed that the tied ridges technique would allow a higher
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water use efficiency (22.7 kg ha−1 mm−1) under hot and wet GCMs for RCP 4.5, while the
lowest WUE will be obtained for a hot and dry (14.5 kg ha−1 mm−1) and warm and wet
(14.9 kg ha−1 mm−1) models. There is no doubt that WUE would remain higher when tied
ridges are used as an adaptation option for all GCMS compared to traditional tillage. By
using tied ridges as a soil water conservation option, soil water balance will improve the
soil water balance by more than 62.1% for RCP 4.5 and 69.6% for RCP 8.5.
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Examining the climate impact and adoption of SWC as potential adaptation options
(CM4/CM2), tied ridges offer a guarantee of 48.2% in improving yields under the current
maize production. With the predicted future climate change, adopting tied ridges would
allow an improvement of 27–51% for RCP 4.5. The highest improvement will be observed
under the hot/dry climate conditions (51%) and the lowest under hot/wet conditions.
Although the model predicts a decrease in yield and WUE under RCP 8.5, tied ridges
as an adaptation option will improve yield under all climatic conditions. The lowest
improvement will be observed in a cool/wet condition (38%), while the highest in a
hot/dry condition (68%).

4. Discussion
4.1. Historical and Future Climate Change

The 40–year historical climate trends confirm the fact that rainfall and temperature
are the most critical components for maize growth and production. These results showed
changes in yield for the RCP 4.5 and RCP 8.5 scenarios if no adaptation measure is under-
taken. These changes are reflected in temperature increases of up to 3.05 ◦C for RCP 8.5 and
high rainfall variability. An increase in temperature and rainfall variability in the region
aligns with many studies conducted in East Africa [52,53]. These scholars considered
that the increase in rainfall variability was more important than the rainfall mean values’
increase (climate change). However, for temperature, a mean value increase was considered
more important than its variability. Gebrechorkos et al. [7] showed that seasonal rainfall
had not changed significantly in large parts of East Africa in a study of long–term rainfall
trends using high–resolution climate datasets. East Africa is known for its inter–annual
rainfall variability [54], particularly modulated by large–scale climate forcings and changes
in sea surface temperature, which affects the rainfall amount by modifying wind patterns
and moisture fluxes [55]. Rainfall variability in this region is linked, according to several
studies, to the El Nĩno Southern Oscillation (ENSO), the Indian Ocean Dipole (IOD), and
the movement of the Intertropical Convergence Zone (ITCZ) [54,56]. The predicted temper-
ature changes for the study region align with existing warming trends estimates [57–59].
This change will affect the trend of agricultural productivity and the loss of yield for major
crops. IPCC [15] reports that rising global temperatures will be linked with changes in
rainfall patterns and the frequency and duration of heat waves and droughts, which can
affect crop health and productivity. Higher temperatures also affect the length of growing
seasons and accelerate crop maturity. Soybean and rice projections showed a decline in
some regions, but at the global scale, the different models still disagree on the overall
impacts from climate change [15,30]. For maize and wheat, the climate effect was much
clearer, with most of the model results pointing in the same direction. North and Central
America, West Africa, East Africa, Central Asia, Brazil, and China will potentially see their
maize yields decline in the coming years and beyond as average temperatures rise across
these breadbasket regions, putting more stress on the plants [15,22,23,30].

4.2. Model Calibration and Sensitivity Analysis

The CERES–Maize model predicted a yield with a low root mean square (203.6 kg ha−1),
a high d–index (0.94), and an acceptable R2 (0.82). Similar results [22,60] showed that
the CSM–CERES–Maize model simulated maize yield and phenology with less difference
between simulated and observed values in a semi–arid environment. The calibration result
showed that grain yield was simulated more accurately with minimum data input. It can
be attributed to the large number of datasets used for calibration, i.e., nine cropping seasons
in the experiment and many selected farms. These results align with other research [61,62],
which suggested that more accurate yield prediction is observed when data are collected
from multiple locations and seasons. The DSSAT manual recommends to calibrate the CSM–
CERES–Maize model under irrigated and pest–free conditions to obtain the most accurate
results [18,45]. However, this study and many others, including those using the RIA
approach of AgMIP [22], have successfully calibrated DSSAT using data from a rainfed crop,
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indicating that it is acceptable for simulating growth under rainfed conditions. Therefore, it
is recommended to simulate complex and diverse farming systems in the tropics to assess
the effects of climate change on rainfed agricultural production systems [63].

Sensitivity analysis indicated a high confidence level in model reliability when assess-
ing yield response to climate change (temperature and precipitation) and the selected SWC
adaptation strategies. The CSM–CERES–Maize model responded more to temperature and
less to rainfall among the climate parameters investigated. The model response to tempera-
ture indicated that grain yield decreased by 7.2 to 46.3% with the increase of the current
temperature from +1 to +6 ◦C. These changes could be explained by the fact that higher
temperatures shorten the length of the growing season due to rapid growth, which reduces
grain development/filling time and ultimately limits the attainable grain yield [22,64]. In
addition, Hatfield and Prueger [65] emphasized that an increase in temperature may also
decrease the opportunity to capture more radiation by shortening the growing cycle length.

In contrast to the response of the CSM–CERES–Maize model to temperature change,
our results indicate a low response of maize to rainfall change. Values of the crop coef-
ficients selected in the calibration process had already considered the high variability in
rainfall for the historical data used. The probability of exceeding yields of 2800 kg ha−1

in the calibration is less than 1%. This is different from other farms where yields exceed
3500 kg ha−1, for which only a drastic decrease in rainfall can have significant changes in
rainfall for these crop coefficient values.

4.3. Maize Production under Current and Future Climate Scenarios with and without SWC
Adaptation Strategies

The CSM–CERES–Maize model predicted differences in yield, WUE, and SWB under
different climate change scenarios. A slight decrease in yield (3%) with 16.45% CV was
simulated when the climate trajectory followed RCP4.5. However, a significant decrease in
yield (26.2%) compared to the baseline with 28.4% CV was simulated for RCP 8.5. These
results align with those obtained by other researchers [66,67], who showed that the CSM–
CERES–Maize model often simulates differences in maize yield between RCP scenarios.
The slight change in the yield, WUE, and SWB for RCP 4.5 can be partially attributed to
the slight change in temperature, while the change in yield and WUE variability follows
the path of rainfall variability. The significant changes observed for RCP 8.5 can also be
attributed to high temperature changes (1.84 to 3.08 ◦C compared to the baseline). This
predicted yield loss is to be considered when it is known that the temperature change
trends in the Ruzizi Plain (2 ◦C) already follow the RCP 8.5 predicted by IPCC across most
drylands of SSA. Thus, the IPCC report [15] predicts a 2 ◦C difference in annual mean
temperature above the baseline by the middle of the 21st Century and exceeding a 4 ◦C
difference across most SSA drylands in the late 21st Century. The increase in yield, WUE,
and SWB variability is also linked to an increase in rainfall variability for RCP 8.5. The
yield, WUE, and SWB variabilities from this study agreed with many studies that have
often shown that the East African climate is associated with high inter–annual variations,
mainly in rainfall and recurrent dry and wet periods [68,69]. Among the five GCM models
under RCP 4.5, only the model predicting a hot/dry climate showed that climate change
will have a slight negative effect on maize yield, while others showed stationarity in yield
compared to the baseline. On the other hand, a slight increase is observed when the GCMs
predict a cool/wet future.

In contrast, all five models predicted a decrease in maize yield due to climate change
under RCP 8.5, with a drastic decline for GCMs predicting a hot/dry future. This result can
be explained by the trends of the temperature increment in all of these models and scenarios
and is in agreement with the findings obtained by Ahmad et al. [22] and Yasin et al. [70].
Some scholars also predicted a slight increase in maize yield from the baseline under a
sub–humid climate, whereas a significant decrease under semi–arid conditions [71]. The
Regional Impact Assessment of AgMIP project studies found significant variations in yield
predictions and range between −20 and −45% for maize yield by 2100 [72,73]. These
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researchers explained that the decrease in yield would mainly be due to the increase in
temperature and less to the decrease in rainfall, causing considerable losses to small–scale
farmers. In terms of water availability, predictions of the temperature increment will
influence more evapotranspiration, which is a crucial component of the soil water balance.
Studies have shown that projected maize grain yield, WUE, and SWB will also be related
to changes in evapotranspiration [25,74,75]. In Ruzizi Plain, water losses due to potential
evapotranspiration will continue to exceed available rainfall supplies, indicating a risk of
increased water deficits.

The use of adaptation technologies would reduce the uncertainty of future maize
production with more likelihood of a decline in productivity predicted by the models.
Therefore, SWC practices are appropriate adaptation measures to reduce the vulnerability
of current production systems to climate change. Our findings indicate that the tied ridges
SWC practice is likely to increase and stabilize maize grain yield, WUE, and SWB for all five
climate regimes under the RCP4.5 and RCP8.5 scenarios compared to conventional tillage.
The high effectiveness of tied ridges compared to conventional tillage in improving grain
yield, WUE, and SWB can be attributed to improved soil moisture storage and availability in
rainfed production systems [76]. In addition, tied ridges tend to increase lateral and vertical
water flows in ridges, thereby improving soil water storage. Small amounts of rainfall are
more likely to be retained in the micropores and constitute the soil water reserve. Large
amounts of rainfall increase soil water–logging, significantly decreasing oxygen amounts,
and this affects the WUE. Many scholars found the ability of tied ridges to reduce surface
runoff and to induce a favorable distribution of soil water [12,77]. Our results agree with
Wolka et al. [12], finding that 83% of reviewed trials in SSA recorded a positive effect of tied
ridges in improving soil water storage and WUE in low rainfall areas (<1000 mm year−1).
Other researchers [78–81] also observed that tied ridges had the highest potential to save
water compared to conventional tillage in the Sahelian region.

Given the contrast in yield predicted by the five GCMs, there is need for further
studies on the reliability of climate model data to increase the accuracy of crop prediction.
The pattern of maize yield change predicted by the CSM–CERES–Maize model could be
attributed to other factors such as temperature and practical SWC, but less to rainfall.
It should be noted that the inter–annual variability of rainfall captured in the historical
data was already considered in the calibration. The sensitivity analysis showed that only
rainfall changes of about 50% allow a change in the yield predicted by the CERES model.
Thus, global and regional climate models (GCMs and RCMs) raise questions about the
reliability of rainfall information. Many researchers have shown that GCMs have a poor
representation of the temporal variability of precipitation [82,83]. Although RCMs present
several advantages, we are still far from obtaining an accurate simulation of the temporal
sequence of daily rainfall. For example, the Delta method used in the RIA approach for
generating RCMs’ data for this study assumes that historical rainfall occurrence remains
unchanged in the future [82]. This is not true in real–world climate systems, as indicated by
many studies that found the occurrences are not stationary for future periods [84]. Thus, the
IPCC underlines the need for further research on climate change scenarios for improving
agricultural impact assessment [15]. Beyond the aspects related to the improvement of
climate projection data, it is also important to concentrate efforts on building components
related to soil and water management practices in DSSAT, which are key elements of climate
change adaptation. Since the soil type change has an influence on modelling outcomes at
the regional scale, we would recommend that future studies include the soil type as a factor
for more refined results [85,86].

5. Conclusions

This study was conducted in the Ruzizi Plain, a dryland area, to assess the performance
of maize under two Representative Concentration Pathways (RCP 4.5 and 8.5) and two
SWC practices (tied ridges and conventional tillage). The RIA approach was used to
quantify the changes due to climate. The temperature will continue to increase with
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different magnitudes according to the RCPs, with the highest increase when the future
follows RCP 8.5. Crop model simulations showed that maize yield and WUE would decline
with climate change following the RCP 8.5 scenario. However, adopting tied ridges as a
SWC adaptation option showed potential to reduce the effects of long–term climate change
to a certain extent. Therefore, it can be a promising adaptation package for increasing
maize yield and WUE in the Ruzizi Plain and other areas of the world experiencing similar
climatic conditions.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/land11091409/s1, Figure S1: Location of the experimental site,
Ruzizi plain, eastern D.R. Congo; Figure S2: Temperature-precipitation change scatter plots for
selection of appropriate GCMs; Table S1: Summary of 29 CMIP5 GCMs that form the ensemble of
climate projections that was used.
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