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Abstract: Long-term rainfall, temperature and solar radiation time series data are required to simulate
crop yield and yield variability. A field experiment conducted at Mount Makulu was used to simulate
the interactive effect of planting dates (SD1, SD2, SD3), maize varieties (PIO30G19, PIO30B50,
ZMS606), and nitrogen fertilizer application levels (N1 = 66; N2 = 132; N3 = 198 kg N ha!) on strategic
and economic assessment. Statistical downscaled climate datasets from three GCMs from 1971-2000,
2010-2039, 2040-2069, and 2070-2099 using Representative Concentration Pathways (RCP4.5, RCP8.5)
were utilized as DSSAT v4.7 inputs. The Seasonal analysis Program of the DSSAT model was used to
simulate the impacts of climate change on maize yield. Results show increasing trends in temperature
while there is variability in rainfall. The biophysical analysis showed varied grain yield responses to
sowing date, maize cultivars and N application rates. The Mean-Gini analysis showed that PIO30B50
had an efficient late sowing data (SD3) with an application of 132 and 168 kg N ha' under both
scenarios. Further, PIO30G19 at SD3 with 198 kg N ha' would be the most dominant management
option for maize grain yield under future climate scenarios from 2010-2099. This research emphasizes
the urgency for tailored adaptation actions and collaborative efforts along the maize value chain to
mitigate future yield losses and sustain food security. Increasing maize grain yield requires
implementing adaptation strategies such as varying sowing dates, adopting late-maturing varieties
with high thermal heat requirements under future climate scenarios.

Keywords: DSSAT model; GCMs; maize; nitrogen fertilizer; seasonal analysis; statistical downscaling

1. Introduction

Maize (Zea mays L.) is an important cereal crop in the world, including Zambia [4-6]. Agricultural
practices, such as sowing dates, cultivar and fertility affects crop productivity based on soil properties
[4]. However, nitrogen (N) is the most limiting nutrient for maize production [7,8]. Nitrogen is a
chlorophyll component, and important in protein synthesis and determine maize grain yield. A
sufficient supply of nitrogen is essential for maximizing crop yield [4]. However, delay in sowing have
been shown to have negative effects on maize yield [5,9].

For the application of N to be optimal, it must adhere to the 4Rs in nutrient stewardship [4]. These
are right source, rate, time, and place [4]. Optimizing N application rate helps in balancing maize
nitrogen nutrient requirements and soil quality [4,10]. The inorganic forms of N utilized by plants
through the maize root system are nitrate and ammonium. The nitrate and ammonium can be oxidized
into nitrate ion form and taken up by the maize roots. On the other hand, field experiments at either
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on-farm or research stations are labour intensive and expensive to conduct [11]. The effect of nitrogen
application rates on crop yield and soil fertility depends on status of the soil properties and on climatic
conditions, crop types, agronomic practices, and the interactions among these factors [4,12].

Crop simulation models complement field experimentation for the development of innovative
crop management practices [13]. Crop models are widely applied in agricultural impact research [14].
Further, the effects of environmental, and genetic factors and management practices on crop
productivity and yield can be simulated using crop models [15]. Crop models are used to simulate crop
growth and yield using soil, climate, management and cultivar properties [16]. The models provide
opportunity to explore the effects of management on future maize yield relative to the baseline [17,18].
They also allow for the development and selection of the best management practices and economic
analysis to improve crop production and profitability [16].

The DSSAT and CENTURY soil models have been applied to explore the effect of low N input on
wheat (Triticum aestivum L.) growth and yield [16]. This study analysed for concentration of N in grain
and soil organic carbon in a long-term experiment (19 years) under a wheat-maize rotation in China
[16]. The researchers observed that the DSSAT-CENTURY model was able to simulate observed wheat
grain yield and grain N without N application. However, the simulation of wheat grain yield and grain
N at application of 150kg N/ha and soil organic carbon was poor. Several researchers have reiterated
that, an adequately calibrated DSSAT models is a useful decision support management tool for
assessing and predicting crop yield, nitrogen uptake, and other parameters [16,19-23].

The most popular crop simulation model used globally is the DSSAT-CERES-maize model [24]. It
has been parameterized, calibrated, tested and validated globally at local and regional scales [17,25-
29]. An adequately calibrated and tested/or validated DSSAT-CERES-maize can be used to address
risks, uncertainty and inefficiencies in the agricultural sector in order to make informed decisions [30].
Further, the crop models can be applied to quantify risks linked with yield, climate and economic risks
due to uncertainty in the cost of production. Calibrated and validated DSSAT-CERES-maize model has
been able to simulate grain yield [31-33].

Crop models can be utilized to come up with optimal management practices based on field trials
and simulations for agronomic recommendations [34]. They have been used in decision making and to
inform policy for future biophysical and economic analyses [35]. However, many yield and nitrogen
simulation studies using DSSAT models have inadequately assessed agronomic and economic risk of
management practices [23].

Furthermore, crop simulation models can be applied to developing strategies and
recommendations for improving and enhancing optimal crop yield under future climate scenarios.
Crop growth, yield components and yield simulations requires long-term, high-quality rainfall,
temperature and solar radiation dataset. Researchers have generated historical and future climate
scenarios by statistically downscaling Global Climate Models (GCMs) and Regional Climate Models
(RCMs) [36-39]. Others have used weather generators such as LARSWG, CLIMGEN, SIMMETEO and
WGEN [40-42].

Climate data from observations, GCMs and RCMs can be utilized as inputs for crop models.
Statistically downscaled rainfall and temperature have been used as inputs into crop models
[17,18,43,44]. DSSAT as a process-based models can be used to estimate yield through computer
simulation [45]. The output from simulations becomes inputs into economic models which then
simulates the responses of important economic parameters to variations in bio-physical crop yields.
Studying maize and the impacts of climate change on its growth, yield components and yield requires
that biophysical and economic factors be considered [46]. Economic analysis and fertilizer use and rates
for maize production under the changing climate condition have not been well studied in Zambia. The
research progress on impacts of climate change on maize growth and yield using biophysical and
economic analyses. Therefore, the objective of the study was to assess the impacts of climate on
interactive effect on planting dates, cultivar and nitrogen and yield. The study outcome could serve as
a standard to assess the impact of climate change scenarios on crop growth and yield.
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2. Results

2.1. Projected Changes in Temperature and Rainfall

Results shows that temperature will increase under all future climate scenarios (2010-2039, 2040-
2069, 2070-2099 [RCP4.5, RCP8.5]) w.r.t the baseline (1971-2000) as shown in Table 5 and Table 6. There
is higher increase in Tmin compared to the Tmax. The mean increase in minimum temperature is 1.200C
during 2010-2039/1971-2000 under both RCPs. However, the mean increase in maximum temperature
under future climate scenarios is below the 1.50C.

Rainfall will increase by 1.94%, 8.43% and 4.26% during 2010-2039/1971-2000, 2040-2069/1971-2000
and 2070-2099/1971-2000 under RCP4.5 (Table 6). On the other, rainfall will reduce under RCP8.5 by
0.98% and 27.49% during 2010-2039/1971-2000 and 2070-2099/1971-2000 (Table 6).
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Table 1. Annual means in rainfall and temperature during the baseline and future climate scenarios (2010-2039, 2040-2069 and 2070-2099 (RCP4.5, RCP8.5)) for each

GCM
Scenarios Rainfall (mm) SD Tmax (°C) SD Tmin (°C) SD Tmean (°C) SD
Historical GFDL-ESM2M 743.28 143.99 27.76 3.60 14.69 418 21.22 3.46
MIROC-ESM 824.69 181.91 27.86 3.70 14.75 412 21.31 3.45
MPI-ESM-MR 848.59 226.85 27.92 3.43 14.73 4.09 21.32 3.32
Ensemble 805.52 184.25 27.85 3.58 14.72 4.13 21.28 3.41
RCP4.5 GFDL-ESM2M 2025 914.91 28.92 15.53 22.22
MIROC-ESM 2025 713.16 27.80 17.01 22.41
MPI-ESM-MR 2025 835.40 28.72 15.22 21.97
Ensemble* 821.16* 28.48* 15.92 22.20
GFDL-ESM2M 2055 1,021.93 29.38 15.71 22.55
MIROC-ESM 2055 730.12 27.04 17.08 22.06
MPI-ESM-MR 2055 868.33 29.58 15.71 22.65
Ensemble 873.46 28.66 16.17 22.42
GFDL-ESM2M 2085 929.44 29.77 15.91 22.84
MIROC-ESM 2085 788.55 26.20 17.11 21.66
MPI-ESM-MR 2085 801.61 29.85 15.82 22.83
Ensemble 839.87 28.61 16.28 22.44
RCP8.5 GFDL-ESM2M 2025 841.52 28.88 15.39 22.14
MIROC-ESM 2025 721.98 27.75 17.02 22.38
MPI-ESM-MR 2025 829.40 28.96 15.36 22.16
Ensemble 797.64 28.53 15.92 22.23
GFDL-ESM2M 2055 875.60 29.93 15.88 22.90
MIROC-ESM 2055 821.06 26.21 17.12 21.66
MPI-ESM-MR 2055 764.61 29.98 15.91 22.95
Ensemble 820.42 28.71 16.30 22,51
GFDL-ESM2M 2085 426.43 30.91 16.86 23.89
MIROC-ESM 2085 943.07 24.83 17.11 20.97
MPI-ESM-MR 2085 382.62 30.71 16.78 23.74

Ensemble 584.04 28.82 16.92 22.87
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Table 6. Projected mean changes in multi-model ensemble in Tmax, Tmin and rainfall during 2010-
2039/1971-2000, 2040-2069/1971-2000 and 2070-2099/1971-2000 (RCP4.5, RCP8.5).

RCP4.5 RCP8.5
2010-2039 2040-2069 2070-2099 2010-2039 2040-2069  2070-2099
Rainfall (mm) 15.64 67.94 34.35 -7.88 14.91 -221.48
Tmax (°C) 0.64 0.82 0.97 0.69 0.86 0.97
Tmin (°C) 1.20 1.45 1.56 1.20 1.58 2.20
Tmean (°C) 0.92 1.13 1.16 0.94 1.22 1.58
Rainfall % change 1.94 8.43 -27.49 -0.98 1.85 -27.49

2.2. Probability Distribution Functions (PDFs) for Rainfall and Temperature

The Probability Distribution Functions for multi-model rainfall and temperature ensemble are
shown in Figure 2. The PDFs shows that rainfall will increase/or decrease under future climate
scenarios. The PDFs for future climate scenarios show a horizontal shift relative to the historical (1971-
2000). The PDFs shows that maximum, minimum and mean temperature will increase under future
climate scenarios 2010-2039 (RCP4.5, RCP8.5)/1971-2000, 2040-2069 (RCP4.5, RCP8.5)/1971-2000 and

2070-2099 (RCP4.5, RCP8.5)/1971-2000.
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Figure 2. Probability Distribution Functions for multi-model rainfall, maximum, minimum and mean temperature ensemble for the baseline and future climate (2010-

2039, 2040-2069, 2070-2099 [RCP4.5, RCP8.5]) scenarios.
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2.3. Biophysical Analysis of Maize Yield

The box plots show the maize yield responses to N treatments effects. Simulated mean grain yields
for 30 years using the seasonal analysis tool in DSSAT v4.7 are presented in Table 7. Maize cultivars
PIO30G19, PIO30B50 and ZMS606 were simulated using SDs, and nitrogen fertilizer rate for the
baseline and future climate scenarios. The grain yield under baseline and future climate scenarios using
multi-model ensembles are shown in Table 7, Figure 3, Figure 4 and Figure 5. The application of 66 kg
N ha' (N1) will increase grain yield for PIO30G19 at SD1 and SD3 during 2025, 2055 and 2085 under
both scenarios (RCP4.5, RCP8.5). Further, grain yield will increase with application of 198 kg N ha! for
PIO30G19 at SD2. At SD2 with the application of 132 kg N ha", grain yield for ZMS606 will increase at
all future climate scenarios. Grain yield at high soil fertility (nitrogen fertilizer) accompanied by
delaying the sowing (SD) will reduce maize yield in future. Further, grain yield will increase for
PIO30G19 at SD1 (N2, N3) and SD3 (N3) (Table 7) under RCP8.5. On the other hand, grain yield for
PIO30B50 will increase under future climate scenario at SD1 with 132 and 198 kg N ha'.

Grain yield will be statistically significant at 95% confidence interval (CI) for PIO30G19 at SD2
(6.81 [2025], 6.93 [2055], 7.14 kg ha! [2085]) and SD3 (6.70 [2025], 6.53 [2055], 6.68 kg ha! [2085]) with
198 kg N ha! during 2025, 2050 and 2085 under RCP8.5 scenario. Moreover, grain yield with 198 kg N
ha at SD2 (7.24 kg ha' [2085]) and SD3 (6.66 kg ha [2055], 6.83 kg ha! [2085]) for the ZMS606 will be
statistically significant at 95% CL.

Using the pooled data, the projected percent in grain yield would be -27 to 22.95%, -25.37 to 25.89%,
-26.56 to 22.00%, -55.78 to 33.72%, -57.37 to 31.95 and -53.81 to 36.49% during 2010-2039/1971-2000
(RCP4.5), 2040-2069/1971-2000 (RCP4.5), 2070-2099/1971-2000 (RCP4.5), 2010-2039/1971-2000 (RCP8.5),
2040-2069/1971-2000 (RCP8.5) and 2070-2099/1971-2000 (RCP8.5), respectively. The RCP8.5 scenarios
will experience varying degrees of decrease and increase in grain yield.

Table 7. Biophysical analysis of grain yield for the baseline and future climate scenarios (RCP4.5,
RCP8.5).

doi:10.20944/preprints202401.2143.v1

Mean Grain Grain Yield under RCP4.5 Grain Yield under RCP8.5

Yield
1971-2000 SD 2025 2055 2085 2025 2055 2085

1 SD1_vinl 4402 342 4492.8 4550.87 4440.33 4854.73 4634.43  4787.07

2  SD1_vin2 5849 659 572523 53743 5369.93 5979.1 6089.23  6222.07

3 SD1_vIn3 5658 715  5051.93 51929  5264.9 6948.53 6906.63 6819.9
4 SD2_vinl 4456 210 4086.8 4006.17 3984.43 4197.43 4285.73 4140.3

5 SD2_vIn2 5877 790 561037 5889.6 551843  5916.03 5738.77  5915.73

6 SD2 vIn3 5392 653 5493.67 5693.17 5465.83 6805.20* 6926.00* 7138.37*

7 SD3_vinl 3392 538 4170.83 4270.5 4138.63 4403.13 4312.2 44222

8 SD3_vin2 5831 901 5378.17 5412.3  5345.7 5914.73 5693 5981

9 SD3 vin3 5094 627 4860.53 5011 5051.4 6702.10* 6532.70* 6683.80*
10 SD1_v2nl 3970 281 42124  4308.67 4216.73 3932.2 3989.1 4161.67
11 SD1_v2n2 5854 465 5750.33 5419.97 5366.33  6210.07 6266.9 6354.5
12 SD1_v2n3 5789 824 4847.03 5013.23 5098.27 7140.3 7086.5 7019.13
13 SD2_v2nl 4111 266 4188.3 4151.97 4066.7 3949.83 4003.87 3972.5
14 SD2_v2n2 5984 405 5696.13 5911.73 5683.23 6035.3 5991.7 6025.67
15 SD2_v2n3 5562 807 535223 5520.13 5330.9 6868.17 6959.17  7171.57
16 SD3_v2nl 4150 322 4139.07 42248 4193.5 3862.8 4036.03  4028.33
17 SD3_v2n2 6160 404 53705 5401.17 5378.83 6087.9 5872.53  6105.67
18 SD3_v2n3 5422 792  4688.43 4879.4 4879.63 6784.97 6613.13  6806.97
19 SD1_v3nl 4121 223 298247 3075.27 3026.1 1822.13 1756.6 1903.2
20 SD1_v3n2 5690 637 569143 5306.07 5298.1 6239.23 6194.77  6402.47
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21 SD1_v3n3 5523 894 4701.03 4836.37 4916.3 7195.73 7094.17  7071.27
22 SD2_v3nl 4289 234 4196.5 432553 4148.13 3481.53 3358.13  3400.87
23 SD2_v3n2 5676 697  5895.93 6041.3 5765.43 6373.37 6208.4 6321.63
24 SD2_v3n3 5308 854 5265.97 5397.83 5293.93 6957.1 7003.3  7244.53*
25 SD3_v3nl 3931 436  3433.6 3403.5 3717.13 1891.8 2048 2106.73
26 SD3_v3n2 5766 752  5379.53 5421.73 5474.4 6288.17 5992.77 6510.1
27 SD3_v3n3 5087 785  4543.07 477717 4762.8 6801.9 6661.40 6831.27*
SD1 = first SD; SD2 = second SD; SD3 = third SD; V1 = PIO30G19; V2 = PIO30B50; V3 = ZMS606; N1 = 66 kg N ha;
N2 =132 kg N ha; N3 = 198 kg N ha; 2025 = 2010-2039; 2055 = 2040-2069; 2085 = 2070-2099; * = statistically
significant at 95% CIL.
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Figure 3. Multi-model ensemble mean grain yield at harvest maturity (kg [dm]/ha) from 1971-2000. SD1
= first SD; SD2 = second SD; SD3 = third SD; V1 = PIO30G19; V2 = PIO30B50; V3 = ZMS606; N1 = 66 kg
N ha?; N2=132 kg N ha’; N3=198 kg N ha'; 1=5SD1_vinl; 2=SD1_v1n2; 3=SD1_vin3; 4 =SD2_vinl;
5=5SD2_vIn2;6=SD2_vin3;7=SD3_vinl; 8 =SD3_vin2;9=SD3_vin3;10=SD1_v2n1; 11 =SD1_v2n2;
12 = SD1_v2n3; 13 = SD2_v2nl; 14 = SD2_v2n2; 15 = SD2_v2n3; 16 = SD3_v2nl; 17 = SD3_v2n2; 18 =
SD3_v2n3; 19 = SD1_v3nl; 20 = SD1_v3n2; 21 = SD1_v3n3; ; 22 = SD2_v3nl; 23 = SD2_v3n2; 24 =
SD2_v3n3; 25=5SD3_v3nl; 26 =SD3_v3n2; 27 =SD3_v3n3.
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Figure 4. Multi-model ensemble mean grain yield at harvest maturity (kg [dm]/ha) from 2010-2099
under RCP4.5. SD1 = first SD; SD2 = second SD; SD3 = third SD; V1 = PIO30G19; V2 = PIO30B50; V3 =
ZMS606; N1 = 66 kg N ha'; N2 = 132 kg N ha'; N3 =198 kg N ha’; 1 = SD1_vlnl; 2 =SD1_vln2; 3 =
SD1_v1n3; 4 =SD2_vinl; 5=SD2_vIn2; 6 = SD2_v1n3; 7=SD3_vinl; 8 = SD3_vin2; 9 =SD3_v1n3; 10 =
SD1_v2n1; 11=SD1_v2n2;12=SD1_v2n3; 13=SD2_v2n1; 14 =SD2_v2n2; 15=SD2_v2n3; 16 =SD3_v2n1;
17 = SD3_v2n2; 18 = SD3_v2n3; 19 = SD1_v3nl1; 20 = SD1_v3n2; 21 = SD1_v3n3; ; 22 = SD2_v3nl; 23 =
SD2_v3n2; 24 = SD2_v3n3; 25 = SD3_v3n1; 26 = SD3_v3n2; 27 = SD3_v3n3.
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10


https://doi.org/10.20944/preprints202401.2143.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 January 2024 doi:10.20944/preprints202401.2143.v1

ZMS606; N1 = 66 kg N ha'; N2 =132 kg N ha; N3 =198 kg N ha’; 1 =SD1_vlnl; 2 =SD1_vin2; 3 =
SD1_v1n3; 4=5SD2_vinl; 5=5D2_vIn2; 6 =SD2_vin3; 7=SD3_vinl; 8 =SD3_v1ln2; 9=5SD3_v1n3; 10 =
SD1_v2n1;11=SD1_v2n2;12=SD1_v2n3; 13=SD2_v2n1; 14 =SD2_v2n2; 15=SD2_v2n3; 16 =SD3_v2n1;
17 = SD3_v2n2; 18 = SD3_v2n3; 19 = SD1_v3n1; 20 = SD1_v3n2; 21 = SD1_v3n3; ; 22 = SD2_v3n1; 23 =
SD2_v3n2; 24 = SD2_v3n3; 25 =SD3_v3nl; 26 = SD3_v3n2; 27 = SD3_v3n3.

2.4. Economic and Strategic Analysis

The economic analysis output is a time series of distributions for the gross margin or net return
(Figure 5, Figure 6 and Figure 7). The Mean-Gini analysis (Table 8) showed that PIO30B50 maize
cultivar under third sowing date with 132 kg N ha' was efficient. However, economic analysis shows
that PIO30B50 maize cultivar under third sowing date with 132 kg N ha was efficient. However, the
economic analysis shows that PIO30B50 maize cultivars under SD3 would be efficient under RCP4.5
(132 kg N ha') and RCP8.5 (198 kg N ha), respectively. Furthermore, at SD3, PIO30B50 (N2, N3) and
PIO30G19 (N3) would be the most dominant management options for maize grain yield under future
climate scenarios from 2010-2099.
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Figure 1. Economic and strategic analysis using multi-model ensemble mean grain yield at harvest
maturity (kg [dm]/ha) from 1971-2000.
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Figure 7. Economic and strategic analysis using multi-model ensemble mean grain yield at harvest
maturity (kg [dm]/ha) from 2010-2099 under RCP4.5.
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Figure 8. Economic and strategic analysis using multi-model ensemble mean grain yield at harvest
maturity (kg [dm]/ha) from 2010-2099 under RCP8.5.

12


https://doi.org/10.20944/preprints202401.2143.v1

Preprints.org (Www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 January 2024 doi:10.20944/preprints202401.2143.v1

Table 8. Dominance analysis of different management strategies using the mean-Gini Dominance: E(x) mean return $/ha and F(x) Gini coefficient $/ha for the baseline

and future climate scenarios.

Historical RCP4.5 RCP8.5
Treatment Cultivar E(x) E(x) - F(x) Efficient E(x) E(x) - F(x) Efficient E(x) E(x) - F(x) Efficient
1 SDIN1 30G19 5711.2 5561.9 No 5813.9 5643.1 No 6046.4 5873.8 No
2 SD1N2 30G19 6856.9 6525.1 No 6581.8 6252.6 No 71171 6856.4 No
3 SD1N3 30G19 6556.4 6189.5 No 6188.4 5797.1 No 7708.1 7290.4 No
4 SD2N1 30G19 5758.6 5652.9 No 5594.3 5401.4 No 5400.9 5141.4 No
5 SD2N2 30G19 6881.5 6486 No 6601.5 6240.3 No 7276.3 7017.6 No
6 SD2N3 30G19 6321.5 5986.6 No 6026.2 5638.7 No 7876.1 7411.5 No
7 SD3N1 30G19 4831.4 4561.6 No 4518.8 4283 No 3458 3275.6 No
8 SD3N2 30G19 6840.7 6381.1 No 6530.6 6101.4 No 7277.8 6968.8 No
9 SD3N3* 30G19* 6058.1 5742.4 No 5877.6 5520.3 No 7910* 7447 .4* Yes*
10 SDIN1 30B50 5329.1 5190.5 No 5399.9 5257.1 No 5560 5415.6 No
11 SDIN2 30B50 6860.7 6636.6 No 6743.3 6473.5 No 6905.2 6665.4 No
12 SD1N3 30B50 6672.1 6255.6 No 6524.8 6160.8 No 7765.3 7450.4 No
13 SD2N1 30B50 5453.8 5317.4 No 5496.9 5382.1 No 5354.7 5205.5 No
14 SD2N2 30B50 6975.8 6774.2 No 6823.6 6555.2 No 7047.1 6827.5 No
15 SD2N3 30B50 6470.9 6062.7 No 6392.5 6020 No 7803.4 7492.3 No
16 SD3N1 30B50 5500.7 5338.4 No 5574.4 5429.5 No 4858.6 4564.3 No
17 SD3N2 30B50 7131.6 6928.2 Yes 6944.7 6719.3 Yes 7297.5 7103.2 No
18 SD3N3 30B50 6347.5 5945.9 No 6320.3 5951.8 No 7864 7534.6 Yes
19 SDIN1 ZMS606 5462.6 5349.1 No 5547.8 5369.2 No 5711.3 5530 No
20 SDIN2 ZMS606 6716.6 6404.7 No 6483.7 6144.3 No 6910.5 6656.4 No
21 SD1N3 ZMS606 6437 5982.8 No 6015.7 5640.2 No 7485.4 7125.3 No
22 SD2N1 ZMS606 5611.6 5493.5 No 5541.2 5351.7 No 5355 5030.4 No
23 SD2N2 ZMS606 6704 6355.9 No 6487.9 6123.7 No 7051 6793.6 No
24 SD2N3 ZMS606 6246.6 5812.3 No 5875.7 5501.6 No 7569.7 7193.1 No
25 SD3N1 ZMS606 5306.7 5084.9 No 4951.6 4639.1 No 3624.2 3390.7 No
26 SD3N2 ZMS606 6783.2 6409.3 No 6524.7 6129.4 No 7264.4 6997.8 No
27 SD3N3 ZMS606 6051.5 5651.3 No 5768.5 5406.4 No 7596.1 7206.4 No
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3. Discussion

3.1. Projected Changes in Tmax, Tmin and Rainfall

Results shows that temperature will increase under future climate scenarios (2010-2039, 2040-
2069, 2070-2099 [RCP4.5, RCP8.5]) w.r.t to the baseline (1971-2000). The increase in temperature has
implication on growth, development and yield. Further, this affects the rates of evapotranspiration.
Nevertheless, the projected mean increase in maximum temperature under future climate scenarios
is below the 1.5°C [68]. Rainfall exhibits both increase and decrease in future relative to the baseline.
The projected changes in rainfall and temperature at Mount Makulu Research Station are consistent
with similar studies conducted in the region. A study by Chisanga et al. [17] using a multimodal
ensemble of five GCMs undertaken at Mount Makulu indicated an increase in Tmax and Tmin from
2040-2069 under RCP4.5 (Tmax = 1.92°C; Tmin = 1.71°C) and RCP8.5 (Tmax = 2.51°C; Tmin = 2.440C),
respectively. A study by Matre et al. [68] shows an increase in temperature ranging from 1.5-2.5°C in
southern African compared to 1971-2000 at Mount Makulu Research Station. Further, the south-
western sub-Sahara Africa (SSA) is projected to experience the largest increase in temperature
compared to the global mean warming. Additionally, SSA where Zambia is located is warming at a
fast rate with growing season temperatures predicted to surpass extreme temperatures recorded in
the past [70]. Zambia has experienced adverse climatic conditions such as higher temperatures,
droughts and floods [71]. A simulation study using five GCMs indicated variability and uncertainty
in rainfall for Mount Makulu Research Station [17]. The results showed a reduction in rainfall of 11.63
mm (RCP4.5) and 15.24 mm (RCP8.5) for 2049-2069 relative to the baseline 1971-2000. However, the
projected temperatures are suitable for growing maize at Mount Makulu Research Station [17,69].
Maize requires temperatures between 15 and 350C for optimal growth and yield [69].

3.2. Probability Distribution Functions (PDFs) for rainfall, Tmax and Tmin

There exists uncertainties in projected climate change in the 21st century due to responses in
greenhouse gas concentrations within the global climate models. Rainfall and temperature PDFs
show horizontal shift under RCP4.5 and RCP8.5. Similar results have been observed by Boberg et al.
[72], Masanganise et al. [73] and Chisanga et al. [17]. The researchers noted that rainfall had a vertical
upward or downward shift in probability. Applying the PDF on meteorological parameters (Rainfall,
Tmax, Tmin) is beneficial as their utilization can communicate the likelihood of an event happening
at a given interval [74]. The smooth PDFs matching the mean and ranges of statistically downscaled
GCM results has been presented in the study. The PDFs shapes for Tmax, mean (Tmean), and Tmin
follow the shapes of observed PDFs under RCP4.5 and RCP8.5. A study in Australia used results
from 23 CMIP3 GCMs for Tmax, Tmin and rainfall under A1B scenario (CMIP3) [75]. The study used
the 23 CMIP3 GCMs to generate PDFs for warming scenarios. The temperature anomaly PDF
generally presented a positive skewness. Similar results have been reported in China [76]. The non-
Gaussian tails in the temperature anomaly PDF were present under RCP4.5 and RCP8.5 for the
current study site. The analysed rainfall and surface air temperature using PDFs can enhance
understanding of the historical and future climate scenarios. The use of PDFs to visually display the
projected changes is increasingly being utilized by researchers [75].

3.3. Biophysical Analysis of Maize Yield

Crop models “simulate crop growth and soil nutrient dynamic processes in order to quantify
the relationships among soil nutrients, crop growth and soil water in the soil-plant-atmosphere
system” [16]. Crop model provides prospects for examining management impacts on future crop
yield w.r.t the baseline. They permit the proposition and selection of the optimal management and
economic analysis that improve crop production and profitability [16,77]. Furthermore, crop models
can be applied to evaluate the impact of climate scenarios and management on crop yields and food
security. The DSSAT model’s seasonal analysis revealed that the treatment effects of SDs, maize
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cultivars and nitrogen fertilizer under future climate scenarios w.r.t the baseline influenced grain
yield. The results show that projected changes in Tmax, Tmin, rainfall, and management will affect
grain yield for the cultivars differently under future climate scenarios. Therefore, researchers have
recommended adaptation strategies includes varying SDs, adopting late-maturing varieties with
high thermal heat requirements [1-3]. These strategies may increase maize yield and resilience under
future climate scenarios. This study emphasizes the urgency for tailored adaptation actions and
collaborative efforts along the maize value chain to mitigate future yield losses and sustain food
security.

3.4. Economic and Strategic Analysis

Nitrogen is an important macro-nutrient that affects physiological, biomass and economic maize
yield [78]. Maize yield and economic profitability can be studied using climate, crop and economic
modelling [6,17,33,45,77,79,80]. Crop models have been applied to appraise maize yield responses on
N fertilization [81]. Studies have shown that multi-model ensemble crop models are highly
recommended for quantifying uncertainty [69,77,82]. Further, multi-model ensemble simulations
provide insights into climate and crop simulation model uncertainties and develop adaptation and
mitigation strategies [79]. However, a single crop model has been used in this study. The DSSAT
model v4.7, coupled with statistically downscaled GCMs, was used to simulate maize yields in future
(2010-2039 (RCP4.5, RCP8.5), 2040-2069 (RCP4.5, RCP8.5), 2070-2099 (RCP4.5, RCP8.5)) w.r.t to the
baseline to estimate the treatment effect of SDs, cultivars and N fertilizers on management practices.
Crop models can used to optimize SDs and N fertilizer management for an anticipated maize yield
whilst reducing soil fertility losses [83]. The seasonal and intra-seasonal variability in rainfall and the
low adaptive capacity limits smallholder rain-fed agriculture across Sub-Saharan Africa (SSA) [84].

Model parameterization and calibration are the sources of model uncertainties [15]. A study by
Lin et al. [85] in China using a DSSAT-CERES-Maize model and three GCMs indicated that maize
yield would decrease in future depending on the climate scenario and location. Similar results are
highlighted in this study (Table 5). Studies by Lin et al. [85] and Liu et al. [4] showed that the DSSAT-
CERES-Maize model effectively simulates the response of maize yield to applied N fertilizer and soil
water storage. The researchers concluded that an increase in temperature would shorten the number
of days to maturity and yield under future climate scenarios. Similar results have been reported by
Chisanga et al. [17,18,79]. Other studies revealed that maize yield can be increased by applying
irrigation water and varying SDs [86]. Further studies on the impact of climate change on crop yield
should focus on using multi-model crop models [79]. Using different climate scenarios and
management, future maize growth and yield can be predicted using crop models. The growth and
yield of common beans, cotton, groundnuts, maize, millet, sorghum, soybeans and sun-flower are
influenced by changes in soil fertility, Tmax, Tmin and rainfall and SDs [27,79,87].

Different biophysical crop models such as DSSAT, APSIM and STICS have been applied in
simulating impacts of climate change impact, adaptation actions, planting density, irrigation
improvement and yield estimation studies in many countries [23,79,88-93]. The APSIM and DSSAT
as biophysical models have been commended for integrated assessment in SSA for improved
decision-making at farm level [94].

The DSSAT models can be applied to predict variations and identify trends in biophysical
indicators [95,96]. Further, unsustainable or sustainable management options can be identified and
evaluated. The Mean Gini Stochastic Dominance (MGSD) analysis has been used by Lomeling and
Huria [96] to evaluate the gross margin and assisted in deciding on the appropriate management
options. The authors concluded that the DSSAT models could be applied to forecasting future cowpea
yields, gross margin successfully, and nutrient use under diverse management options assisting
farmers to make knowledgeable decisions on sustainable crop productivity. The DSSAT models have
been used in India for 2001-2017 to assess yield and yield variances at 5 km grid scale using high
spatial resolution climatic data for Kharif rice (Oryza sativa L.) [88]. Other researchers have
conducted an economic analyses utilizing the trade-off analysis multi-dimensional impact
assessment tool and Monte Carlo Simulations [93,97]. Using the Monte Carlo Simulation, Kadigi et

doi:10.20944/preprints202401.2143.v1


https://doi.org/10.20944/preprints202401.2143.v1

Preprints.org (Www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 January 2024 doi:10.20944/preprints202401.2143.v1

al. [93] observed that applying N fertilizer reduced the risks linked to maize mean returns in
Tanzania. This study thus confirms the potential of late sowing and high nitrogen fertilization rate
for increasing maize production efficiency in the stud area under future climate. For enhanced
production efficiencies of maize production, the agricultural extension officers, maize farmers, and
not-for-profit organizations should align agronomic practices to achieve the highest production per
unit of resource expenditure.

4. Materials and Methods

4.1. Experimental Site

The field experiment was undertaken at Mount Makulu Research Station located at latitude,
longitude and elevation of 15.550° S, 28.250°5 and 1,213 m above sea level, respectively. It is located
in Chilanga, 15 km south of Lusaka, Zambia as shown in Figure 1. Mount Makulu Research Station
is also the headquarters of the Zambia Agriculture Research Institute (ZARI).
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Figure 1. Study area map showing Mount Makulu research station and inset map shows the context
of Zambia in Africa.

4.2. Field Experiment

A rain-fed split-split plot design was setup at Mount Makulu having three sowing dates (SDs;
SD1, SD2, SD3), maize cultivars (PHB 30G19, PHB 30B50, ZMS 606,), nitrogen fertilizer rates (N1 =
66; N2=132; N3 =198 kg N ha') having three replications [19]. The main plot was the SD (SD1, SD2,
SD3) at two week interval. The subplots and sub-subplots were maize cultivars and nitrogen
fertilizer. The plot sizes were 6 meters with 7 rows by 5 meters. Basal dressing (10 N-20 P-0s-10 K20)
was applied at 20 (SD1), 40 (SD2) and 60 (SD3) Kg N ha. Urea (46% N) was applied as top dressing
at46 (SD1), 92 (5D2) and 138 (SD3) Kg N ha! as reported by [19]. The plots were arranged as reported
by Chisanga et al. [19].


https://doi.org/10.20944/preprints202401.2143.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 January 2024 doi:10.20944/preprints202401.2143.v1

4

“The plots were separated from each other by a 2 meter distance to prevent cross contamination
of treatments. Three seeds were sown by hand at 5 cm depth in a flat seedbed in 0.75 meter row
spacing and 0.50 meter spacing between plants per station and later thinned to two plants. Initial soil
conditions were sampled using a soil auger at 20 cm intervals until 100 cm depth, weighed and oven
dried at 105°C” [19]. Additionally, “plant growth analysis was observed at the vegetative (emergence,
V6) and reproductive (silking [R1], dough stage [R4], physiological maturity [R6]) stages and
recorded when 50% and 75% of the plants reached the stages, respectively as described in” Asseng
et al. [47] and Hoogenboom et al. [48]. “Biomass from all the subplots were harvested at the
recommended growth stages” as reported by Chisanga et al. [5,19].

Sources of data

4.3. Climate Input Data

The climate data from 1971-2000 and 2010-2099 under two Representative Concentration
Pathways (RCP4.5, RCP8.5) were downscaled using the Statistical Downscaling Portal (SDP) hosted
by the Zambia Meteorological Department (ZMD). A subset of three out of the eight GCMs from the
Coupled Model Inter-comparison Project (CMIP5) integrated in the Statistical Downscaling Portal
(SDP) was selected and applied in this study (Table 1). Daily time series of minimum temperature,
maximum temperature and precipitation were downscaled for the baseline and future climate
scenarios using three GCMs. The selected GCMs are available in Cartesian latitude-longitude grid
[49] and their characteristics are shown in (Table 1). The three GCMs (GFDL-ESM2M, MIROC-ESM,
MPI-ESM-LR) were selected on the basis of their long history of development and evaluation, higher
resolution, and established performance across multiple regions such as South-east Asia, Europe and
Africa [17,50]. Further, the GCMs can simulate major climatological features such as annual cycles of
temperature and precipitation across multiple regions [46,51-55]. The generated climate scenarios
were used as inputs into the DSSAT seasonal analysis program. Each treatment was run with 30
replications.

Table 1. Coupled multi-model Inter-comparison Project Phase 5 (CMIP5) GCMs considered in this

study.

Model Modeling Centre ResolutionReference

GFDL- Geophysical Fluid D ics Laborat 2.5°x2.50  [46,52]
ESMOM eophysical Fluid Dynamics Laboratory 5ox2. ,
MIROC Atmosphere and Ocean Research Institute (University of Tokyo),

National Institute for Environmental Studies and Japan Agency for 2.8°x 2.8 [46,50,56]
ESM . .
Marine-Earth Science and Technology

MPII\;E{SM_ Max Planck Institute for Meteorology (MPI-M) 1.870x1.87° [46,54,57]

4.4. Solar Radiation Input Data

Solar radiation data is an essential input into crop simulation models. It has been demonstrated
that solar radiation (SRAD) dataset may be estimated correctly using site-specific maximum (Tmax)
and minimum (Tmin) temperature and latitude excluding empirical coefficients [58]. The daily SRAD
in MJ] m? day?! was generated with the Mahmood-Hubbard (MH) SRAD model proposed by
Mahmood and Hubbard [59]. The sirad R package in RStudio/R Programming software was used to
generate solar radiation data for Mount Makulu [60,61]. The Mahmood-Hubbard model recommends
a method for estimating SRAD from temperature readings without essentially calibrating empirical
coefficients [59]. Solar radiation data is an important input in crop simulation models and lack of
daily solar radiation data is a significant drawback in crop simulation studies [58].

4.5. Planting Materials and Treatments
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The maize cultivars (PHB 30G19, PHB 30B50, ZMS 606) are of medium maturity with the
comparative relative maturity of 120-130 days [19]. Further, PHB 30G19, PHB 30B50 and ZMS 606
were selected on the basis of being planted by smallholder farmers and for their profitability.
“PHB30B50 is recommended to be grown under irrigation. However, it can also be grown under rain-
fed conditions. The PHB30G19 and ZMS 606 can be grown under irrigated and rain-fed conditions.
PHB30G19 (white) and PHB30B50 (yellow) are produced by DuPont Pioneer. The ZMS 606 is an
exceptionally good drought tolerant maize cultivar produced by ZamSeed. The selected cultivars can
be grown in all the three agro-ecological regions of Zambia” [19].

4.6. Decision Support System for Agro-technology Transfer (DSSAT) Model

The DSSAT is a software programme comprising crop simulation models for over 42 crops
[62,63]. The DSSAT models simulate crop growth and yield as a function of the soil-plant-atmosphere
dynamics [22,26]. Further, soil water, nitrogen and carbon cycles are simulated by the models and
they can be used to evaluate climate change impacts and different management practices [26,63].
DSSAT models simulate a one-dimensional water balance with vertical flow to meet the supplies for
fairly simple inputs for model users.

The minimum data inputs needed to run the models includes, weather (Tmax, Tmin, rainfall,
SRAD), crop data, soil and management [48]. The soil properties measured at the experimental site
are shown in Table 2. SRAD is needed to simulate photosynthesis and potential evapotranspiration
(PET) using the Priestley-Taylor equation [64]. The Cultivar Specific Parameters for the PHB 30G19,
PHB 30B50 and ZMS 606 used in the seasonal analysis simulations are shown in Table 3.

Table 2. Chemical and physical properties of soil profile at the experimental site (Adapted from
Chisanga et al. [5,19] with permission).

Depth (cm) 0-20 20-4040-6060-8080-100 Analysis method

pH (water) 7.30 7.20 750 7.70 7.60 1:5 soil water
Total N (%) 0.0310.0420.0540.061 0.036 Modified Kjeldahl method
NO3N 29.9048.7056.4070.10 42.80
NH4N 18.0029.2033.9042.10 25.70
P extractable (mg kg)10.0011.0010.0018.00 12.00 Bray 1
K (mg kgl) 1.05 0.99 1.12 0.59 0.89 Ammonium acetate

Ca (cmol(+) kg)  11.009.30 3.40 2.90 3.20 Ammonium acetate
Mg (cmol(+) kg)  3.50 2.70 2.30 1.00 1.30 Ammonium acetate

OC (%) 0.35 0.57 0.66 0.82 0.50 Walkley & Black method
OM (%) 0.6020.9801.1351.410 0.860
CEC (cmol(+) kg?) 15.5713.02 6.85 4.52 5.42 Ammonium acetate
Bulk density (g cm?) 1.43 141 1.41 146 1.36 SPAW
Silt (%) 12.8016.8012.8018.80 2.80 Hydrometer method
Sand (%) 39.6035.6037.6041.60 37.60
Clay (%) 47.6047.6049.6039.60 59.60
Soil texture clay clay clay clay clay SPAW
LL 0.2870.2870.2990.244 0.350 SPAW
DUL 0.4070.4090.4190.363 0.470
SAT 0.4590.4670.4680.447 0.487

SHC (mm h) 0.3500.5000.2901.480 0.010

Table 3. Genetic coefficients for the PHB30G19, PHB30B50 and ZMS606 cultivars (Adapted from
Chisanga et al. [5,19] with permission).

MS PHB PHB

P Expl i i
arameter xplanation Units 6 30G19  30B50
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GDDs (based on 8°C) from emergence to end of

P1 . . °Cd 159.00 209.90  155.10
juvenile phase

P2 Photoperiod sensitivity coefficient (01.0) 1.895 0.441 1.7630

P5 GDDs (based on 8°C) from silking to maturity °Cd 81020 81590  800.40

G2 Maximum possible number of kernels per plant 945.00 840.80  795.60

G3 Potential kernel growth rate (mg day') mé 1day- 8.559 8.840 15.340

PHINT GDDs required for a leaf tip to appear(based on | cd 5970 5608 59.73

8°C)

4.7. Change in Rainfall and Temperature

The historical (1971-2000) and future (2010-2039, 2040-2069, 2070-2099 [RCP4.5, RCP8.5]) climate
scenarios were used in this study. The future changes in temperature and rainfall were computed
using seven 30-year windows to ascertain the impacts of climate change at Mount Makulu. Future
changes in rainfall, Tmax and Tmin are presented using individual GCMs and multi-model ensemble
mean under both scenarios (RCP4.5, RCP8.5). The use of multi-model ensemble mean reduces
uncertainties and produces a more realistic transient future climate scenarios compared to a single
GCM [65]. The future absolute and percentage differences relative to the historical were computed
for temperature and rainfall using Equation 1, Equation 2, Equation 3, Equation 4, Equation 5 and
shown below.

A2025 = V5025 — Vpase 1)

A2055 = V5055 — Vpase (2)

A2085 = Vypg5 — Vhase (3)

V. -V X 100 4

A2025 (%) — ( 2025 base) ( )
Vbase

V. -V X 100 5

A2055 (%) — ( 2055 base) ( )
Vbase

V. -V X 100 6

A2085 (%) — ( 2085 base) ( )
Vbase

Where:
Vbase is the ensemble mean for each statistic in the baseline period.
V2025, Vaoss, and Vzoss is the ensemble mean for period of the time slice

4.8. Long-Term Simulation Experiments

A field experiment conducted at Mount Makulu was used to simulate the interactive effect of
SDs, maize cultivars, and nitrogen fertilizer rates (N1 = 66; N2 =132 ; N3 =198 kg N ha) [17,19] on
strategic and economic analyses. All the observed and measured data on phenology, grain and
biomass yield had been used in model calibration [19]. Statistical downscaled climate datasets from
three GCMs for 1971-2000, 2010-2039 (2025; RCP4.5, RCP8.5), 2040-2069 (2055; RCP4.5, RCP8.5) and
2070-2099 (2085; RCP4.5, RCP8.5) were used as input into the DSSAT v4.7 seasonal analysis program
to simulate the impact of climate change on maize yield. The seasonal analysis program was used to
compare the interactive effects of different SDs, maize cultivars and N fertilizers combinations under
the baseline and future climate scenarios. Twenty-seven treatments were run using the Seasonal
Analysis Program for the baseline (1971-2000) and future climate (2010-2039, 2040-2069, 2070-2099
[RCP4.5, RCP8.5]) scenarios. An analysis for the multimodal ensemble and 3 GCMs was performed
(Table 5). However, a multi-model ensemble for the 3 GCMs was used in the Seasonal Analysis
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Program to run each treatment combination with 30 year datasets for baseline and future climate
scenarios.

4.9. Economic Analysis

The economic analysis was performed using data shown in Table 4. The analysis is applied to
the multi-model ensemble mean. The mean was a simple calculated mean [17]. A time series of
distributions of net return was the DSSAT output from economic analysis. The DSSAT models have
been applied to evaluate the effects of climate change on yield, economic returns and associated risks
and changes in farming systems [66].

Table 4. Grain, seed and fertilizer costs and prices used in economic analysis of the multi-season crop
model analysis program.

Description Unit Value (USD)

Grain price $/t 883.00
Harvest by-product  $/t 0.00
Base production costs $/ha 155
N fertilizer cost ~ $/kg 1.68

N cost / application  $ 33.00
Irrigation cost ~ $/mm 0.00
Irr cost / application  $ 0.00
Seed cost $/kg 22.00
Organic amendments $/t 0.00
P fertilizer cost $/kg 0.00
P cost / application ~ $ 0.00
K fertilizer cost  $/kg 0.00
K cost / application % 0.00

4.10. Statistics Analysis

Probability Distribution Functions (PDFs), standard deviations, means and Cumulative
Distribution Functions (CDFs) were analysed to ascertain the effects of climate change, biophysical
and economics on maize yield, sowing date, cultivar and N fertilizer rate. Understanding the PDFs
for rainfall and temperature is important for their characterization [67]. A PDF, is a parametric
method for estimating the probability of occurrence of a random value within a particular range in a
dataset. The 30-year mean change of rainfall, Tmax and Tmin were computed for future climate
scenarios with reference (w.r.t) to the baseline. The PDF for normal (Gaussian) distribution used in
the analysis is shown using Equation 7.

b
Pla<x<b)= f f(x)dx @

f "l ey
= e X
a OV2m

Where: P(a<x<b) is the probability that x will be in the interval (a, b) in any instant of time. For
example, P(-1<x<+1)=0.3 mean that there is a 30% chance that x will be between -1 and 1 for any
measurement. x is the random variable. pt is the mean value and o is the standard deviation.

4.11. Contribution to the Field Statement

The DSSAT seasonal analysis program can accurately simulate maize yield response to diverse
treatment effects in future w.r.t the baseline. Crop models can be used for selecting management
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options that maximizes productivity of grain yield. The biophysical and economic analyses
conducted using the DSSAT Seasonal Analysis Program can successfully mimic maize growth and
yield under baseline and future climate scenarios using an interactive assessment of SDs, cultivars
and fertility. Seasonal analysis is relevant for policymakers and stakeholders to coin comprehensible
strategies for alleviating the negative impacts of climate change and strengthening adaptation
actions. The biophysical and economic strategic analysis indicates that treatment with low fertility
would be more economical under future climate scenarios.
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