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Abstract: Maize lethal necrosis (MLN), maize streak virus (MSV), grey leaf spot (GLS) and turcicum
leaf blight (TLB) are among the major diseases affecting maize grain yields in sub-Saharan Africa.
Crop models allow researchers to estimate the impact of pest damage on yield under different
management and environments. The CERES-Maize model distributed with DSSAT v4.7 has the
capability to simulate the impact of major diseases on maize crop growth and yield. The purpose of
this study was to develop and test a method to simulate the impact of MLN on maize growth and yield.
A field experiment consisting of 17 maize hybrids with different levels of MLN tolerance was planted
under MLN virus-inoculated and non-inoculated conditions in 2016 and 2018 at the MLN Screening
Facility in Naivasha, Kenya. Time series disease progress scores were recorded and translated into
daily damage, including leaf necrosis and death, as inputs in the crop model. The model genetic
coefficients were calibrated for each hybrid using the 2016 non-inoculated treatment and evaluated
using the 2016 and 2018 inoculated treatments. Overall, the model performed well in simulating
the impact of MLN damage on maize grain yield. The model gave an R2 of 0.97 for simulated vs.
observed yield for the calibration dataset and an R2 of 0.92 for the evaluation dataset. The simulation
techniques developed in this study can be potentially used for other major diseases of maize. The key
to simulating other diseases is to develop the appropriate relationship between disease severity scores,
percent leaf chlorosis and dead leaf area.

Keywords: Crop modeling; disease simulation; DSSAT

1. Introduction

The spread of transboundary diseases and insect-pests has increased significantly in recent years,
threatening the food security and livelihoods of several million smallholders, especially in sub-Saharan
Africa. Maize lethal necrosis (MLN) has emerged as a major threat to maize producers in eastern
Africa. The disease was reported in Kenya in 2011, and subsequently reported in several eastern Africa
countries from 2012 to 2014 [1–3]. MLN is caused by the co-infection of maize plants with a combination
of maize chlorotic mottle virus (MCMV; genus Machlomovirus, family Tombusviridae) [4], and any one
of several viruses from the family Potyviridae, such as sugarcane mosaic virus (SCMV), maize dwarf
mosaic virus (MDMV) or wheat streak mosaic virus (WSMV). MCMV was reported for the first time in
eastern Africa in 2012, while SCMV has been prevalent worldwide for many decades.
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MLN produces damage by systemically infecting the plant, resulting in dead leaf area and
chlorosis, which consequently reduces the photosynthetic rate and grain yield. Severe levels of MLN
can even lead to plant death and complete yield loss. The socio-economic impact of MLN has been
estimated in Kenya [5,6]. DeGroote et al. (2016) estimated that the national maize losses due to
MLN were 0.5 million metric tons valued at US $180 million. During 2012–2013, the estimated maize
yield losses due to MLN in Kenya were reported as 23%–100% in the affected counties in the country.
This disease continues to be a major threat to maize in SSA [7,8].

Modeling abiotic stresses has allowed researchers to quantify the biophysical and socioeconomic
impacts of drought under current and future climates on maize production and food security in SSA [9].
This has enabled breeders to prioritize key regions and traits for breeding programs [10,11]. Diseases,
such as MLN, maize streak virus (MSV), grey leaf spot (GLS) and turcicum leaf blight (TLB) are among
the major biotic factors affecting grain yields in SSA [12]. Developing methods to simulate the impact of
these diseases on maize growth can enhance breeding efforts for resistance. Intensive efforts are currently
being made in breeding for resistance to these key diseases [7,13]. Several improved maize varieties with
resistance to the aforementioned diseases have been released and commercialized in SSA [14,15].

The DSSAT family of crop growth models [16] simulates the daily growth and development of
approximately 35 major crops, including maize, wheat, rice, soybean and peanuts. Inputs include
daily weather data (maximum and minimum temperature, rainfall and solar radiation), management
information (planting date, row spacing, irrigation and nitrogen rates and dates), soil properties and
genetic information (specific for each crop). These models have been widely used around the world
to simulate crop responses to management, environmental and nutrient stresses and climate change.
Batchelor et al. (1993) [17] incorporated methods to simulate pest damage in the CROPGRO legume
model distributed with DSSAT and demonstrated the ability of the model to simulate pest damage
in the soybean [18]. Following the same approach, Batchelor et al. (unpublished) incorporated pest
damage coupling points into the CERES-Maize model in the early 2000s. In this approach, coupling
points were defined in the model source code to apply daily damage to selected model state and rate
variables. State variables included leaf, stem, ear, grain and root weight, leaf area index and plant
population. Reduction in daily photosynthetic rate due to chlorotic leaf area was also included in this
work. Periodic observations of pest/disease damage or levels of incidence can be entered in the time
series model input file, which is read by the model and converted into daily damage on user-defined
state or rate variables. Using this approach, the CERES-Maize model can simulate the impact of
pest/disease damage on crop growth and yield. However, there has been no research conducted to test
the pest/disease damage coupling points in CERES-Maize [19].

The International Maize and Wheat Improvement Center (CIMMYT) has had major success in
breeding for resistance to MSV ([13,20,21] and more recently, for resistance to MLN [7]. The objectives
of the present study were to: (1) conduct field experiments to quantify the levels of MLN damage
on selected maize hybrids with different levels of MLN tolerance/susceptibility; (2) develop genetic
coefficients for CERES-Maize for each of 17 selected maize hybrids; (3) evaluate the model performance
in simulating MLN damage. The results of this work will enable breeders to quantify the bioeconomic
impact of breeding for resistance to MLN, a major disease of maize in eastern Africa [7].

2. Materials and Methods

2.1. Field Experiments

Field experiments were established at the MLN Screening Facility at the Kenya Agriculture and
Livestock Research Organization (KALRO)-Naivasha, Kenya. A set of 17 selected CIMMYT maize
hybrids with different levels of tolerance to MLN (Table 1) were planted on 3 September 2016 and 3
March 2018 in a randomized complete block design with two replications. Each hybrid was planted in
4-row plots, with each row 10-m long with a row-to-row spacing of 75 cm, and plant-to-plant spacing
of 20 cm. Each hybrid in treatment 1 was artificially inoculated twice with MLN-causing viruses on



Agronomy 2020, 10, 710 3 of 14

January 21 and 27, 2017 and April 4 and 11, 2018, following a standard protocol [21] to ensure high
and uniform MLN disease pressure. In 2016, a second treatment (treatment 2) was planted and was
subjected to natural infection by MLN (non-inoculated). Plots were irrigated using drip irrigation to
avoid water stress. Standard agronomic practices were followed, including fertilizer applications to
avoid nutrient stress. MLN disease ratings were recorded four times during the crop season (February
10, February 24, March 10 and April 11, 2017; April 24, May 11, May 23, and June 8, 2018). Timing
corresponded to the early vegetative stage, mid vegetative stage, flowering and mid grain filling.
MLN disease severity was visually scored on each plot using an ordinal scale of 1 (highly resistant,
with no disease symptoms) to 9 (highly susceptible, with severe necrosis and death). The total leaf
number was recorded at flowering. The plant population was measured by counting plants in each
plot at harvest. Grain weight and grain moisture content were measured at harvest from all plants in
the middle two rows of each plot. Grain weight was adjusted to 0% moisture for model comparison.

Table 1. Genetic coefficients calibrated for each hybrid in the 2016 non-inoculated treatment.

Hybrid MLN Resistance Level 1 P1 2 P2 3 P5 4 G2 5 G3 6 PHINT 7

CKMLN150072 R 170 0.27 700 610 6.5 30

CKMLN150067 R 220 0.27 660 590 6.0 35

CKMLN150073 R 192 0.27 700 500 6.0 32

CKMLN150077 R 220 0.27 700 630 6.5 32

CKMLN150074 R 192 0.27 700 590 6.5 32

CKMLN150075 R 192 0.27 700 500 6.0 32

CKMLN150076 R 192 0.27 700 630 6.5 32

WE5135 T 220 0.27 700 630 6.5 32

WE5139 T 221 0.27 750 650 6.0 36

WE5136 T 252 0.27 700 400 6.0 40

WE5137 T 230 0.27 700 400 6.0 35

WE5138 T 215 0.27 700 500 6.0 35

DK8031 S 250 0.27 650 475 6.5 46

KH500-33A S 200 0.27 700 300 6.0 46

PIONEER 30G19 S 200 0.27 750 100 6.0 37

DUMA-43 S 200 0.27 750 100 6.0 47

PH3253 S 200 0.27 750 100 6.0 47
1 MLN resistance level—R = resistant, T = tolerant, S = susceptible to MLN. 2 P1—Thermal time from seedling
emergence to the end of the juvenile phase (degree days). 3 P2—Extent to which development (expressed as days) is
delayed for each hour increase in photoperiod above the longest photoperiod at which development proceeds at
a maximum rate (days). 4 P5—Thermal time from silking to physiological maturity (degree days). 5 G2—Maximum
possible number of kernels per plant (no. plant−1). 6 G3—Kernel filling rate during the linear grain filling stage and
under optimum conditions (mg day−1). 7 PHINT—Phyllochron interval (degree days).

2.2. MLN Inoculation Procedure

The viral isolates of maize chlorotic mottle virus (MCMV) and sugarcane mosaic virus (SCMV)
were initially collected and isolated from the infected maize field in an MLN hotspot area in Bomet,
Kenya, and maintained at the MLN screening facility, Naivasha, Kenya, for phenotyping (germplasm
screening/indexing). Pure cultures of MCMV and SCMV were maintained on susceptible maize
hybrids H614 and PHB30G19, respectively, in separate greenhouses at the MLN screening facility,
and the inoculum purity was regularly verified using an enzyme-linked immunosorbent assay (ELISA).
Healthy plants were raised in the greenhouses under strict quarantine to avoid any cross-contamination.
The susceptible plants were inoculated at the 4–5-leaf stage, using the inoculum harvested from
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previously grown and inoculated plants, and were used as the mother culture. The inoculum
production process for MCMV and SCMV and maize germplasm screening under combined infection
of MCMV + SCMV were described earlier [1,21,22] ( http://mln.cimmyt.org).

2.3. Converting Disease Scores to Percent Leaf Chlorosis and Percent Dead Leaf Area

The MLN disease score, on a scale of 1–9, is based on a combination of necrosis due to the disease,
including dead leaf area. A mathematical relationship was developed to translate MLN disease scores
into percent leaf chlorosis and percent dead leaf area (Figure 1). In this relationship, percent chlorotic
leaf area increases linearly from 0% chlorosis at a disease score of 1.0 to 65% chlorosis at a disease score
of 7.0. Percent chlorosis decreases to 0% above a disease score of 8.0 because, at that level, there is
almost no green leaf area remaining on the plant. Percent dead leaf area increases from 0% at a disease
score of 3.0 to 100% at a disease score of 9.0. This relationship is nonlinear between disease scores
of 3.0–5.0, then follows a linear relationship from disease scores of 5.0–9.0. These relationships were
used to convert observed disease scores into percent necrotic and/or dead leaf area to simulate disease
damage in the crop model. These relationships are used to train technicians on how to score the
disease severity.
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Figure 1. Relationship between visual MLN disease score and percent dead leaf area and percent
leaf chlorosis.

2.4. Disease Damage Coupling Points

Pest damage coupling points were incorporated into the CERES-Maize model in the early 2000s
and was made available in subsequent releases of DSSAT, including DSSATv4.7 [19] which was used
in this research. Simulation of pest damage in CERES-Maize follows the same strategy used in the
CROPGRO models outlined by Batchelor et al. [17]. Pest coupling points were defined for different
types of damage that can reduce the daily rate and state variables in the model. Observed pest or
disease damage levels are entered in the time series file (File T), which is read by the crop model,
and converted into daily damage, which is applied each day to the desired state or rate variable.
The model uses linear interpolation to compute daily damage rates between the observed damage
dates entered in File T.

The percent cumulative leaf area damage (PCLA) type is defined in the pest definition file called
MZCER470.PST. The time series observations of PCLA are entered in the DSSAT input time series
file (File T) under the PCLA header (Figure 2). The value of PCLA on each observation date can be
determined from the disease severity score in Figure 1. Each day during the season, the model reads

http://mln.cimmyt.org
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pest damage from File T and determines how much chlorosis or necrosis to apply. Daily chlorosis or
necrosis due to pest or disease damage (WLIDOT) is subtracted from the daily leaf area state variable
(PLA) in the CERES-Maize model by:

PLA = PLA−WLIDOT ∗
PLA− SENLA

LFWT ∗ PLTPOP

where PLA = plant leaf area, cm2 pl−1

WLIDOT = leaf loss due to pests or diseases, g m−2 d−1

SENLA = leaf senescence today, cm2 pl−1

LFWT = leaf weight, g pl−1

PLTPOP = plant population, no. m−2

The leaf weight state variable is adjusted in proportion to the amount of leaf area that is destroyed by:

LFWT = LFWT −
WLIDOT
PLTPOP

Figure 1 also shows the relationship between observed MLN disease score and percent chlorosis.
Daily percent chlorosis is defined in the CERES-Maize pest definition file as a daily percent reduction
in photosynthesis, where percent chlorosis is applied as percent reduction in daily photosynthesis.
Observed percent chlorosis is entered into the time series file using the DSLA (percent diseased
leaf area) header (Figure 2). The model computes the diseased leaf area (DISLA, cm2 pl−1 d−1) based
on DISLA and leaf area each day. Reduction in daily crop growth rate (CARBO) is computed by:

CARBO = CARBO ∗
[
1−

DISLA
PLA ∗ PLTPOP

]
where CARBO = daily biomass production, g pl−1 d−1

DISLA = reduction in photosynthesis due to pests, cm2 pl−1 d−1
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(DSLA) for two hybrids in the calibration treatment shown in the time series file (File T) format.
The TRNO header is the treatment number and the header DATE is the year and day of year of the
damage observations.



Agronomy 2020, 10, 710 6 of 14

2.5. Model Input Files

Daily weather data at the experimental site (Naivasha, Kenya) was not available. Daily temperature
and solar radiation were obtained from the POWER database produced by NASA (www.larc.nasa.gov),
which estimates daily maximum and minimum temperature and solar radiation on a 1◦ latitude
and longitude grid around the world. Rainfall was not available in the POWER database, so daily
rainfall data was obtained from the Weather Underground database (https://www.wunderground.com/).
Potential error in rainfall was minimized because the experiment was well-irrigated. Soil data including
lower limit, drained upper limit and saturated water holding capacity were obtained from the FAO
world soil database. Management information including planting date, row spacing, population,
and cultivars were available for each treatment. Model input files including soil, management and
observed pest damage were created using data collected from the field experiment. Soil properties are
shown in Table 2. MLN severity scores measured several times during the crop season were entered
in the time series file for the model (Figure 2). Irrigation was set to automatic irrigation to eliminate
water stress, which represented the strategy implemented in the field experiments. Nitrogen stress
was turned off, representing sufficient N application to avoid N stress.

Table 2. Soil properties for the field experiment.

Layer Depth,
cm

Lower Limit,
cm3 cm−3

Drained Upper
Limit, cm3 cm−3

Saturated Water Holding
Capacity, cm3 cm−3

Organic Carbon,
%

12 0.272 0.411 0.452 1.67

19 0.288 0.421 0.446 1.72

42 0.348 0.467 0.490 1.49

71 0.342 0.456 0.490 1.56

100 0.335 0.445 0.490 1.38

138 0.324 0.432 0.494 1.44

149 0.310 0.420 0.495 1.54

161 0.273 0.382 0.473 1.75

190 0.265 0.378 0.473 1.41

190 0.197 0.316 0.430 1.66

200 0.272 0.411 0.452 1.67

2.6. Model Calibration and Evaluation

Data from the non-inoculated treatment 2 in 2016 were used to estimate the genetic coefficients
required for each of the 17 hybrids (Table 1). The coefficient P1 (thermal time from emergence to the
end of the juvenile phase) and PHINT (degree days between successive leaf tip appearance) were
calibrated to minimize error between simulated and observed leaf number and flowering date. The P5
coefficient (growing degree days from silking to maturity) was calibrated based on the estimated
maturity date. Coefficients G2 (maximum possible kernels per plant) and G3 (kernel filling rate) were
estimated to minimize the error between simulated and measured yield. Data from the 2016 and 2018
inoculated treatments (treatment 1) were used to evaluate the model.

Model performance for leaf number, flowering date and grain yield were evaluated using the
correlation coefficient (R2), root mean square of error (RMSE), mean absolute error (MAE) and the
Wilmott index of agreement (D-index).

www.larc.nasa.gov
https://www.wunderground.com/
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3. Results

3.1. MLN Disease Severity

The area under the disease progress curve (AUDPC) was computed for each hybrid for both
the calibration and evaluation treatments using the trapezoidal method. Figure 3 shows the AUDPC
for the 17 selected maize hybrids ranked from high MLN tolerance to low MLN tolerance (or high
susceptibility to MLN) based on the 2016 calibration treatment. The AUDPC ranged from a low
of 136 for hybrid CKMLN150072 to a high of 422 for the MLN-susceptible hybrid check, PHB3253.
There was a large range in disease incidence levels across the hybrids and years. Hybrids with large
AUDPC values either died prematurely due to severe disease damage or resulted in very low grain
yields. Hybrids with lower AUDPC values had lesser disease damage and higher grain yields.

Disease scores were converted into percent cumulative leaf area destroyed (PCLA) and percent
chlorotic leaf area (DSLA) using the relationships shown in Figure 1. Both PCLA and DSLA are
required inputs for the crop model to simulate disease damage. Figure 4A shows an example of PCLA
and DSLA for CKMLN1500073, an MLN tolerant hybrid for the 2016 calibration treatment. There was
no observed dead leaf area, and the maximum chlorosis was only 20%. Figure 4B shows the values for
PCLA and DSLA for DUMA-43, an MLN-susceptible hybrid check. Significant dead leaf area and
chlorosis were observed in this hybrid, with a maximum dead leaf area of 80% and maximum diseased
leaf area of 68%. This damage resulted in either premature plant death or very low grain yield.Agronomy 2020, 10, x FOR PEER REVIEW 8 of 15 

 

 

Figure 3. Area under the disease score curve for each maize hybrid and the calibration and evaluation 

treatments. 

 

Figure 3. Area under the disease score curve for each maize hybrid and the calibration and
evaluation treatments.



Agronomy 2020, 10, 710 8 of 14

Agronomy 2020, 10, x FOR PEER REVIEW 8 of 15 

 

 

Figure 3. Area under the disease score curve for each maize hybrid and the calibration and evaluation 

treatments. 

 

Agronomy 2020, 10, x FOR PEER REVIEW 9 of 15 

 

 

Figure 4. Daily percent death and necrotic leaf area for maize hybrids with a range of MLN tolerances 

for the calibration treatment (2016 non-inoculated). 

3.2. Model Calibration 

The CERES-Maize model distributed in DSSAT v4.7 was calibrated using the 2016 non-

inoculated treatment. While this treatment was not inoculated with MLN, it experienced high levels 

of MLN as demonstrated by the AUDPC levels shown in Figure 3 for MLN-susceptible hybrids. Time 

series MLN scores were converted to PCLA and DSLA time series inputs for the crop model. The 

treatments were well-irrigated and fertigated, to eliminate any possibility of water or nutrient stress. 

Thus, calibration focused primarily on genetic coefficients required to describe the difference in 

phenology and growth characteristics of different hybrids. Table 1 shows the genetic coefficients that 

gave the best fit between simulated and observed leaf number, flowering date and grain yield for 

each hybrid in the calibration treatment.  

The coefficients P1 (thermal time from seedling emergence to end of juvenile phase) and PHINT 

(phylochron interval) were adjusted to minimize error in simulated leaf number. Figure 5A shows 

the simulated and observed leaf number for the 17 hybrids. The model gave good estimates of leaf 

number, with an R2 of 0.89, RMSE of 0.84 leaves and an MAE of 0.59 leaves. The Wilmont index of 

agreement (D-statistic) was 0.95. These statistics indicate that the model calibration agreed well with 

the observed leaf numbers. The same genetic coefficients, P1 and PHINT, were also adjusted to 

minimize error between simulated and observed flowering date for each hybrid. Figure 5C shows 

the simulated and observed flowering date. The flowering date was simulated reasonably well, with 

an R2 of 0.73 and an RMSE of 2.4 days (Table 3). The mean absolute error was 1.9 days and the D-

statistic was 0.99 across all hybrids. These statistics indicated that the phenology calibration was 

good, given the limited number of parameters available to adjust both leaf number and flowering 

date.  

The parameter P5 (thermal time from silking to physiological maturity) was adjusted to match 

the reported maturity date for each hybrid. The coefficients G2 (maximum possible number of kernels 

per plant) and G3 (kernel filling rate, mg day−1) were adjusted to obtain the minimum error between 

simulated and measured yield for each hybrid (Table 1). The P5 parameter ranged from 650 to 750, 

with many hybrids requiring 700 growing degree days (GDD) from silking to maturity. The G2 

parameter ranged from 100 kernels plant−1 for low yielding local hybrids to 650 kernels plant−1 for 

Figure 4. Daily percent death and necrotic leaf area for maize hybrids with a range of MLN tolerances
for the calibration treatment (2016 non-inoculated).

3.2. Model Calibration

The CERES-Maize model distributed in DSSAT v4.7 was calibrated using the 2016 non-inoculated
treatment. While this treatment was not inoculated with MLN, it experienced high levels of MLN as
demonstrated by the AUDPC levels shown in Figure 3 for MLN-susceptible hybrids. Time series MLN
scores were converted to PCLA and DSLA time series inputs for the crop model. The treatments were
well-irrigated and fertigated, to eliminate any possibility of water or nutrient stress. Thus, calibration
focused primarily on genetic coefficients required to describe the difference in phenology and growth
characteristics of different hybrids. Table 1 shows the genetic coefficients that gave the best fit
between simulated and observed leaf number, flowering date and grain yield for each hybrid in the
calibration treatment.
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The coefficients P1 (thermal time from seedling emergence to end of juvenile phase) and PHINT
(phylochron interval) were adjusted to minimize error in simulated leaf number. Figure 5A shows
the simulated and observed leaf number for the 17 hybrids. The model gave good estimates of leaf
number, with an R2 of 0.89, RMSE of 0.84 leaves and an MAE of 0.59 leaves. The Wilmont index
of agreement (D-statistic) was 0.95. These statistics indicate that the model calibration agreed well
with the observed leaf numbers. The same genetic coefficients, P1 and PHINT, were also adjusted to
minimize error between simulated and observed flowering date for each hybrid. Figure 5C shows the
simulated and observed flowering date. The flowering date was simulated reasonably well, with an R2

of 0.73 and an RMSE of 2.4 days (Table 3). The mean absolute error was 1.9 days and the D-statistic
was 0.99 across all hybrids. These statistics indicated that the phenology calibration was good, given
the limited number of parameters available to adjust both leaf number and flowering date.

The parameter P5 (thermal time from silking to physiological maturity) was adjusted to match the
reported maturity date for each hybrid. The coefficients G2 (maximum possible number of kernels
per plant) and G3 (kernel filling rate, mg day−1) were adjusted to obtain the minimum error between
simulated and measured yield for each hybrid (Table 1). The P5 parameter ranged from 650 to 750,
with many hybrids requiring 700 growing degree days (GDD) from silking to maturity. The G2
parameter ranged from 100 kernels plant−1 for low yielding local hybrids to 650 kernels plant−1 for
higher-yielding MLN tolerant hybrids. The G3 coefficient had a limited range of 6.0–6.5 mg d−1 across
all hybrids.
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Table 3. Statistical analysis of simulated vs. measured leaf number, flowering date and yield.

R2 RMSE MAE D-Statistic

Calibration leaf number 0.89 0.84 0.59 0.95
Evaluation leaf number 0.65 1.5 1.1 0.86

Calibration flowering date 0.73 2.4 days 1.9 days 0.99
Evaluation flowering date 0.08 7.1 days 6.6 days 0.55

Calibration yield 0.97 355 kg/ha 277 kg/ha 0.99
Evaluation yield 0.92 773 kg/ha 600 kg/ha 0.97

Figure 6 shows simulated and observed yield for the calibration treatment and 17 hybrids.
Observed yields ranged from 448 kg ha−1 for DUMA-43, which is highly susceptible to MLN, to a high
of 7371 kg ha−1 for CKMLN150077, which is an MLN resistant hybrid. The model gave good estimates
of observed yield, with an R2 of 0.97 and an RMSE of 355 kg ha−1. The mean absolute error was 277 kg
ha−1 and the D-statistic was 0.99. These statistics indicate that the model performed well in simulating
observed grain yields using the calibrated genetic coefficients for each of the 17 hybrids. The model
also performed well in simulating damage due to MLN using damage applied to the chlorosis and
dead lead area coupling points from the observed disease damage observations.
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3.3. Model Evaluation

Data from the inoculated treatments for 2016 and 2018 were used to test the calibrated model
using genetic coefficients shown in Table 1 and time series observations of MLN damage. Figure 5B
shows the simulated and observed leaf number for the evaluation treatments. Overall, the model
tended to simulate to many leaves. In 2016, the model simulated the correct leaf number for eight
hybrids and simulated one leaf up to many for nine hybrids. The maximum difference between
simulated and observed leaf number in the 2016 treatment was one leaf. This was expected since the
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2016 non-inoculated treatment was used to estimate the genetic coefficients. In 2018, the model had
a 0–1 leaf error for six hybrids, a 1–2 leaf error for seven hybrids, and a 2–3.5 leaf error for four hybrids.
Overall, the model gave an R2 of 0.65 and a RMSE of 1.5 leaves. The mean absolute error was 1.1 leaves
and the D-statistic was 0.86.

Figure 5D shows the simulated and observed flowering date for the 2016 and 2018 evaluation
treatments. There was generally more error in simulating flowering date than leaf number or grain
yield. However, errors in total leaf numbers influence the simulated flowering date. There was no
correlation between simulated and observed flowering date, with an R2 of 0.08 and a D-statistic of 0.55.
However, the RMSE was 7.1 days and the mean absolute error was 6.6 days, providing a reasonable
estimate of flowering date. More robust data from multiple seasons or locations would likely improve
the model calibration.

Figure 7 shows simulated and observed grain yields for the evaluation treatments in 2016 and
2018. Yields ranged from a low of 0 kg ha−1 for Duma-43 and PHB3253, which are highly susceptible to
MLN, to a high of 9084 kg ha−1 for WE5138, an MLN tolerant hybrid. MLN pressure was high for both
treatments, and hybrids with high MLN tolerance gave much higher grain yields as expected than
hybrids with low or no MLN tolerance. This was evident in the AUDPC (Figure 3). Overall the model
gave excellent simulations of grain yield, with an R2 of 0.92 and an RMSE of 773 kg ha2. The mean
absolute error was 600 kg ha−1 and the D-statistic was 0.97. The model tended to overestimate yields
for low-yielding hybrids. This may indicate that other factors, such as premature plant death or ear
losses that were not considered in this approach may further reduce yields for highly susceptible
hybrids. Overall, the model simulated the impact of MLN damage on grain yield very well.
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4. Discussion

This work provides an example of how to simulate disease damage using the CERES-Maize
model. The main objective of this work was to determine if the CERES-Maize model could simulate
the impact of MLN damage on maize yield. The field experiments in 2016 and 2018 were located
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at the CIMMYT-managed MLN Screening Facility at Naivasha, Kenya, where maize germplasm is
routinely screened against the disease under artificial inoculation. The 17 selected hybrids have a range
of responses against MLN, including high levels of resistance to high susceptibility. The high levels of
MLN incidence in the MLN-susceptible controls in both years indicated that the experimental site was
well-suited to calibrate and evaluate the simulation of disease damage using CERES-Maize.

The key to simulating disease damage in the crop model is to develop a method to convert disease
scores or ratings into damage to specific coupling points in the crop model that have been predefined
in the MZCER047.PST file [23]. In this case, MLN damage was determined to impact leaf area and
create leaf chlorosis, which impacts the daily photosynthesis rate. A relationship was developed to
convert disease scores estimated for MLN by technicians into percent leaf chlorosis. Observed damage
to leaf area and leaf chlorosis was entered in the model input files and was integrated into model runs
when estimating genetic coefficients for the calibration treatment. Thus, plant damage due to MLN
was incorporated into the calibration process because MLN damage occurred on all the 17 hybrids in
varying degree. Good results were obtained in simulating leaf numbers, flowering date and grain yield
through the calibration process. When these genetic coefficients were used to simulate the evaluation
treatments, good results were obtained for leaf number and grain yield. However, flowering date
was not simulated as well, especially for the year 2018, and therefore was not used for estimating
genetic coefficients. Flowering date is often difficult to simulate when only one season of data is used
to estimate genetic coefficients. More years or locations would certainly increase the robustness of
genetic coefficients and would likely give more accurate simulations in other environments.

The model can be used to estimate the impact of MLN on maize grain yield. Figure 8 shows the
grain yield loss due to MLN damage for the calibration treatment. The model was run with and without
MLN damage, and percent grain yield loss due to MLN was computed. Losses ranged from a low of
5% for CKMLN150075 to a high of 73% for Duma 43 (susceptible control). The average grain yield loss
due to MLN for the two evaluation treatments is also shown in Figure 8. Yield loses ranged from a low
of 10% for CKMLN150076 to a high of 100% for Duma 43 and PH3253. Yield losses for individual
maize hybrids varied between the calibration and evaluation treatments because MLN damage was
different, especially in the 2018 season. Using this approach, maize breeders can potentially estimate
the value of incorporating disease diseases resistance traits in breeding pipelines.
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This work was performed under well irrigated conditions with sufficient nitrogen. There were
likely no interactions between disease stress and water or nutrient stress under these conditions.
More testing should be performed under water and nutrient limiting conditions often found in Africa
to determine if the method implemented in the CERES-Maize model properly accounts for interactions
between water, nutrient and disease stress.

5. Conclusions

This work demonstrated the concept of using time series observed disease progress scores to
simulate the impact of leaf necrosis and death due to MLN disease on maize yield. This concept
was demonstrated with data collected from a field experiment with 17 selected maize hybrids with
varying levels of MLN tolerance or susceptibility, and under MLN inoculated and non-inoculated
treatments. Data from the non-inoculated treatment was used to calibrate genetic coefficients for each
hybrid, and data from the MLN inoculated treatment was used to test the model. Overall, the model
performed well in simulating the impact of MLN damage on maize grain yield. The model gave an R2

of 0.97 for simulated vs. observed yield for the calibration (non-inoculated) treatment, and an R2 of
0.92 for the evaluation (inoculated treatment) treatments. Simulation techniques developed in this
project can be potentially transferred to other maize diseases. The key to simulating other diseases is
to develop appropriate relationships between disease severity ratings and percent leaf chlorosis and
cumulative dead leaf area.
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