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1 Introduction

Ecological intensi cation of cropping systems is fundamemal to achieve food
security under a scenario of rapid population growth and an ncreasingly un-
predictable and changing climate. Agricultural researches face the challenge to
design large throughput, yet sustainable, agricultural systems. Current strate-
gies seek to close the the gap between potential and actualglds by increasing
the density of plant stands and the availability of resources [7]; however, this
gap between rapidly closing. Under this scenario there is red to develop new
approaches that accelerate plant breeders success in deoping high yielding
varieties. Seminal research by Coopeet al. [11] and Hammeret al. [14, 15]
provide the foundations for a paradigm shift in genetic improvement of crops
with prospects to accelerate the genetic gains in yield. Cdral to this approach
is the quanti cation of gene-to-phenotype relations by means of mathematical
models of crop growth and development, a suit of statisticalmethods, and an
extension of Kaufmans' N:K model [11, 14, 15, 9, 10].

Current models simulate crop growth and development for plat canopies
based on biophysical principles. In this sense, all plants i@ assumed identi-
cal, to have average behavior, and competition for resourceis implicit and
simulated through functional relations [21, 20, 17]. The mahematical repre-
sentation of the biological processes used in these modelsoped adequate for
several applications [18, 1, 25]. However, recent resear@hn reproductive biology
of corn [24, 39] and complex systems [16] suggest that thisaditional approach
may be limited to predict crop responses to resource capturand utilization in
response to trait variation. Habler showed emergent compéx behavior in corn
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elds due to intraspeci c competition for resources [16]. This thought-provoking

hypothesis is based on principles of physics and dynamicalystems. However,
this study is based on weak biological principles and the preicted behavior in

corn elds as proposed by Habler [16] is not immediate. Plars have evolved
a suit of mechanisms to deal with intra and inter-speci ¢ competition. Among

those best known is a family of photoreceptors that can incrase stem elon-
gation and change leaf expansion and orientation upon deteion of neighbor

plants [3, 4, 36]. Furthermore, plant breeders had increas# the tolerance to
intraspeci c competition and stress tolerance making the gants stands uniform

[13].

Although phenotypes predicted by Habler are unlikely, his results strongly
suggest the need to develop alternative modeling approackethat can simulate
emergent behavior, intraspeci ¢ plant variability and com petition for resources
on a population basis. To this end, we focused our work on deleping and
evaluating a toy-model for corn using a framework based on dillar automata.
The biological basis of the model are simple yet realistic. Tis case study
is about complex behavior appearing in yield determinationprocesses such as
barrenness and yields in response to levels of intraspeci competition.

2 Model Development
2.1 Agent-Based Corn Field Model

The cellular automata framework is a convenient methodolog for modeling
systems in which spatial structure and interaction among canponents can play
a critical role in the system behavior. Traditionally, thes e models represent space
as a set of discrete and homogeneous cells arranged in a grighich behavior
change as a function of its current state and the state of the righbors. Models of
this type were developed for a number of applications in manydisciplines. But
only recently this approach has been used to model systems jlant sciences [12,
19, 44, 23]. Previous work has either focused on studying esgstem functioning
and the emergence of spatial structure using simple dynamienodels for each
plant species [19], or in developing models for whole plants the absence of
plant competition [12, 44] and roots systems [23]. The modeHeveloped in
this study implements a more complex physiology at whole plat level than in
previous studies [12, 44] yet incorporates simple interaddns among neighbors.
Habler have shown that adequate simulation of historical events is critical for
understanding and predicting emergent patterns [16].

NetLogo is a programmable modeling environment based on Sthogo that
can be used to simulate natural and social phenomena [43]. Works by giving
instructions to independent agents all operating concurratly. It is well suited to
study emergent properties in complex systems that result fom the interaction of
simple but often numerous entities. The version used in thisnvork was NetLogo
3.1, which provides an interface that allows visualizing a ¥tual 3D environment.

An agent-based model of the corn eld was devised in which agés com-
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Figure 1: Agent-based model for a crop canopy: representain of the agent
behavior

pete against each other for resources. The eld itself is imgmented as a 99

99 grid lattice, where each NetLogo unit corresponds to 5 cm.Each grid
position is de ned by its Cartesian coordinates with the origin at the center of
the lattice and each time unit represents a day. Corn plants ae implemented
as independent agents all running the same growth algorithm Starting with
corn plants sowed in grooves at specic distances, the growt algorithm was
applied allowing the plants to grow until all plants attaine d maturity. For ease
of visualization, plants are shown in a 1:10 scale. In the cuent implementation,
agents compete for light, by means of the Leaf Area IndexI(Al ). The variable
LAI is calculated as the sum of leaf areas per plantl() in one square meter.
This implementation allows interactions among agents whit are not restricted
to immediate neighbors. The competitive ability function f(L) for each plant is
de ned as the ratio betweenL and LAI . Each agent respond to the environment
and to other agents following a well known physiological reationships that gov-
ern plant growth and development. The intensity of competition is controlled
by variations in availability of resources light and water, and by the spatial ar-
rangement of the agents, which are allowed to vary between rgs and within
rows.

2.2 Agent Ecophysiological Model

A mechanistic model was used to simulate corn growth, develgment and yield
for each agent [27, 26]. The model describes the carbon and tea balance of a
corn crop from emergence to maturity as a function of maximumtemperature



(TM), minimum temperature (Tm), solar radiation (S), vapor pressure de cit
and precipitation (Fig.1). Plant development in corn is mainly driven by tem-
perature and it is described as a function of thermal units TU ). Daily thermal
units were calculated as,TU =0:5 (min(TM; 34)+ Tm) 8. Leaf appear-
ance is calculated as a function offU and a phyllochron characteristic of the
genotype ( = 0.00225),

dN

FZZ:S eXp(TU)

N(@)=2:5

The model simulates the phenological events 1) anthesis, asmed synchronous
with the expansion of the last leaf (Ng), 2) the onset of rapid kernel growth,
which usually starts around 100TU after anthesis, and 3) maturity. Time to
maturity depends on the time to anthesis and the characterisics of the genotype.
Time to maturity is determined when 800 TU are accumulated after anthesis.
Although there is genetic variation in Nq for simplicity we assumed a constant
value N=20.

Plant growth (W) is simulated as a function ofS, that drives photosynthesis,
LAl , the competitive ability of the plant f(L), and the fraction of soil water
available to the plant relative to potential store of water( ),

‘L_Vt": S 1 exp( LA ) f() f(L)

1
1+9:0 exp( 153 )

f()=

The parameter is the e ciently of conversion of solar radiation into bioma ss
including respiration losses and cost of synthesis of plantissues.; large number
of studies suggest an average value of 1.6 MJ M [22]. The parameter
describes the penetration of light through the canopy and acounts for genotypic
variations in plant architecture and leaf anatomy. Although can vary with row
spacing the current version of the model uses a constant va@uto 0.6 [27]. Daily
water availability to the plant is simulated using a water balance as described
by Muchow and Sinclair [26]. Potential soil store of water iscalculated on a
daily basis as a function of the depth of water extraction times the volumetric
fraction of available soil water (0.13 cnfcm?®). Daily progression of the water
extraction front depends on root growth( ), which was assumed constant for a
given plant. Plant leaf area expansion is simulated as minimmm between the
maximum leaf area, determined by the intrinsic characteridics of the genotype
and the relative soil water content,

X
L= Ao f(N) 9()

1
1+270 exp( 323 )
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and the biomass available for tissue growth,
L=250 W

The parameter Ag is the area of largest leaf and controls the shape of the leaf
pro le and the potential leaf area. Muchow et al. [27] provides a detailed
description of f(N) and Tardieu [37] review the genetic basis of the e ects of
water and temperature on leaf expansion. Note that in contrat to the base
model develop by Muchowet al. and Muchow and Sinclair [27, 26], in this
model LAl is anf (W).

Our implementation of the model simulates individual corn plants and ex-
pands the model functionality to simulate yield componentskernel number and
kernel mass. First, barrenness (absence of a corn ear) is siated as a func-
tion of the integral of growth between stagesN=12 and anthesis, and a critical
threshold Wy that represents the minimum biomass partitioning to dominant
reproductive structures (e.g. tassel). Barrenness is a siply a binary function
x=0for W Wy and x =1 otherwise. This parameter was set to 30g based
on empirical observations [6, 41, 40, 39]. Second, kernel mbers are simulated
as a function of the integral of growth W between anthesis and the onset of
rapid kernel growth as, y = max(0;min(; Wx )). Parameters and are
parameters characteristic of the genotype [41, 40, 2]. Tha, kernel growth is
simulated based on sink-source relationships. Accumulatin of mass in repro-
ductive organs can be limited by plant growth (e.g. drought dress, low solar
radiation) during grain lling, or it can be limited by the nu mber reproductive
sinks determined at owering (barrenness) or during early post owering (kernel
numbers). Kernel growth rates are relatively constant and lernel weight it de-
termined by early termination of growth [5, 32]. This process is implemented
by allowing early termination of grain lling whenever fall below 0.1 during
the grain lling period.

3 Simulation Experiments

A series of simulations experiments were conducted to studyhe system behav-
ior, to develop and intuition for the system performance uncer various degrees
of stress and to test speci ¢ hypothesis. Simulation resuls could provide in-

sights on strategies to increase genetic gains in corn and toeed for the need of
new modeling approaches for simulating corn growth and devepment.

3.1 General settings

Ensembles varying between 5 and 20 simulations were run foragh experiment.
The number of realizations were set depending on the stabily of the results.
All simulations started at emergence on day of year (DOY) 135and emergence
date was allowed to vary 5 d. Model inputs TM, Tm, S were generated using
two out-of-phase sin functions that describe the annual cyke in temperature in
solar radiation. Water input to the system was set at constart intervals (10 d)



and the amount was varied to simulate low (50 mm) and high (25 nm) levels

of abiotic stresses. Random variation was allowed in waterriputs by adding

a random amount sampled from a uniform distribution in the interval [-5,5].

Daily variations in TM, Tm, S were allowed for each agent to capture random
variations within elds using the following equations,

(240 + t)

= i D) +12+
T(t)=10 sin(360 365 )+ 12
. (270 + t)
= — )+ 15+
S(t)=10 sin(360 365 )+15

TM(t)= T()+7+
Tm(t)= T@t) 7+

To estimate T(t) and S(t), was sampled from a uniform distribution in the in-
terval [-2,2], otherwise was sampled from a uniform distribution in the interval
[-1,1].

3.2 System response to throughput

In complex systems the key control parameter is the throughpt [16]. One
can vary the system throughput by increasing the ow through the system or
by maintaining the ow constant (e.g. a liquid owing throug h a pipe) and
modifying one component of the system (e.g. pipe diameter).In this study
we choose the later approach and we varied the spatial arrarggnent of plants
in the eld so that throughput increase with increasing plant stand density.
In agricultural systems there is more capacity to modify the system and its
management than the environment controlling the throughput. We generated
a range of plant densities between 3.2 and 20 pl n? by varying intergroove
spacing between 50 and 70 cm and interplant spacing between &nd 40 cm
every 5 cm in a factorial arrangement. Simulations were condcted under high
and low abiotic stress conditions as describe above.

3.3 Sensitivity analysis

Previous research showed that faster root growth increase resource capture
and yields under drought stress conditions [34]. The same gtly suggested that
reductions in Ag did not increase seed mass under drought. This study neither
considered intraspeci ¢ competition nor the e ects of drought stress on yield
components. These results could hold valid, even under inispeci ¢ competi-
tion, if the increased resource capture decrease the systetimoughput. However,
if either or Ag a ect historical events and biomass distribution among plants
the validity of these previous results is doubtful. The areaof the largest leaf
determine the pro le and total plant leaf area. Therefore, increasingAg can in-
crease the intensity and the onset of interplant plant compdition for light, and
historical events such as the patterns of water use. Incredsg can increase



resource capture but also can modify the pattern of water use Both Ay and
can generate symmetry breaking in biomass, barrenness andejd.

Sensitivity analysis on model parametersAy and were conducted for three
plant densities. These were generated by varying setting iterplant distance at
15, 25 and 50 cm for a xed intergroove distance of 60cm. All shulations were
conducted under high abiotic stress or drought conditions ér Ay 550, 750, and
950, and 23.5, 33.5, and 43.5.

3.4 System response to random microenvironment varia-
tion

Recent advances in reproductive biology of corn showed thgplant-to-plant vari-
ability, and the establishment of hierarchies among plantds a major determinant
of kernel set, and the cause of yield reduction in crops growat high plant pop-
ulations [24]. It is being suggested that plant hierarchiess established as early
asN =7. Plant mass for these plant types tend to follow a normal distribution
[39]. A fundamental question follows about the role of a) micoenvironment
variability and b) intraspeci ¢ competition for resources as a disturbance and a
mechanism capable of generating emergent patterns of bameess and changes
in biomass distributions with increases in plant population. Alternative hypoth-
esis appeal to sophisticated biological control mechanismfor early detection of
neighboring plants to explain emergent patterns [4, 36].

Sensitivity analysis were conducted under under high abidt stress, inter-
groove spacing of 60cm, and interplant spacing of 10, 15, 30nd 45 cm. One
set of simulations used constant input signals inTM, Tm, S, and irrigation by
setting = 0. A second set of simulations allowed to vary in the interval [-6, 6]
and [-2, 2] forS and T respectively. Allowing large variations in S was intended
to simulate any of the various sources of variation that can aect photosynthe-
sis, and the dynamics of competition for resources, regardks of the realism of
variations per sein S.

4 Results and Discussion

4.1 Dynamics and response surface of seed mass to spatial
arrangements and environment

The agent based model simulated biomass accumulation dynaits that com-
pared well with those shown by Muchowet al. [27](Fig.2). The model simu-
lated an initial phase during which biomass accumulation wa limited by leaf
area development and light interception, a second phase ofapid vegetative
growth until owering time, and a nal phase of linear reprod uctive growth.
The model, however, simulated yield higher than those repded by Muchow et
al. [27]. This di erence is not surprising and it is due to the model parameter-
ization of phenology and the environmental conditions setm our simulations.
Muchow et al. [27] simulated yields under tropical environments. In cortrast
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Figure 2: Dynamics of biomass accumulation under low and hilg abiotic stress
environments. Simulations run for intergroove spacing of 6 cm and interplant
spacing of 20 cm.

we simulated yields under temperate conditions that led to bnger duration of
the growing season (120 d vs. 136 d). Simulated yields are viiin the range
of observed values for modern hybrids ofNg = 20 typically grown in the corn
belt [13]. The harvest index, the fraction of total mass allccated to reproduc-
tive tissues was 0.5, which is consistent with empirical data [13, 27]. Plant
development is slightly longer than expected but within reasonable values. Sim-
ulations under high abiotic stress imposed by a reduction inwater inputs to the
system decreased yield approximately by 50 percent (Fig. 2)

Figure 3 shows the simulated seed mass for a factorial combétion of in-
terplant and interrow spacings under two contrasting environments. In this
experiment throughput increase with decreasing interplan and intergroove dis-
tance. Landscapes for both environment scenarios show a nlimear response
of seed mass with increasing throughput. This nonlinear rggonse of corn to
plant population is commonly observed in empirical studies[13, 33, 45] but
it is not adequately simulated by crop models that operates @ canopy basis
[30]. Furthermore, the agent-based model simulated changein optimal plant
between environments as suggested by Westgaet al. [42]. Seed mass increase
with increasing throughput is due to the increase in intercedtion of solar radia-
tion under low to nil intraspeci c competition. After the on set of intraspecic
competition, further increases in throughput cause symmety breaking in plant
biomass, increase in barrenness, and yield reduction.

The seed mass response surfaces shows multiple optima thadry in number
and location in the landscape with the level of abiotic stres (Fig. 3). The
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Figure 3: Seed mass response surface to variations in intexgpve and interplant
spacing under low and high environmental stress conditions

existence of multiple optima is an unexpected result considring empirical evi-
dence [13, 33]. We cannot o er a good hypothesis to explain tis behavior of the
model and we shall not discard artifacts due to numerical inegration. Yet this

pattern is is highly repeatable for various combinations of model parameters
(data not shown) and environments (Fig.3). Multiple local optima in the seed
mass response to plant density was observed but the magnitwedof the di er-

ences is not signi cantly di erent [42]. Due to the trends in agricultural systems
to increase plant population and the e ects of plant breeding in modifying how
hybrids respond to plant density, these patterns deservedurther study.

4.2 E ect of plant architecture on seed mass production

A simulation factorial experiment of plant population and t hree levels ofAp
was conducted to test the hypothesis that increasingd( increases the intensity
and the onset of interplant plant competition for light, a e cts patterns of water
use and generates signi cant genotype (levels ofp) by management (through-
put) interactions. Figure 4 shows a nonlinear response of gl mass to increase
in plant population for all levels of Ag. This response is consistent with our
previous simulations (Fig.2). Signi cant main e ects (P 0.0001) of plant
population and A, were detected, however, interactions were not signi cant.



These results suggest that within the range of plant populaton values and en-
vironmental conditions explored in this study, light inter ception limited seed
mass production more than it did the availability of water. | ncreases inAg in-

creased light interception and total mass production for al plant densities (Fig.

5). The average e ect of Ag on seed mass at 11 pl m?> was 50 g m 2, which

is a marginal increase relative to the expected yield loss. #suming a harvest
index of 0.5 [13, 39] simulated yields estimated from total lbomass at high plant
populations are in the interval [1100, 1200] g m? while the actual simulated

yields were in the interval [700, 870] g m?2. This results are consistent with
previous simulation studies [34].
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Figure 4: E ects on total leaf area and leaf area distribution Ap, and plant
population on seed mass

Seed mass variability increased for all levels oAy when plant population
increased from 7 to 11 pl m 2. This behavior is associated with variations in

10
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Figure 5: E ects of total leaf area and leaf area distribution Ag, and plant
population on total biomass

the fraction of barren plants as a main mechanism of controihg yield under

this throughput level (data not shown). Previous research siggested increasing
plant populations to increase rapid canopy closure, theraire yields [42]. Our
simulation results suggest that this strategy could lead tosystem instabilities

that could vary between environments (Fig. 4).

4.3 E ect of Root growth and plant population on seed
mass production

Root elongation and architecture could have major control o water uptake, crop
growth and their dynamics. Both the increase in water uptakeand the timing of
resulting values with critical phenological events determine the reslting e ect

11
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Figure 6: Seed mass response to plant population and root algation rate
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of root traits on yields. Since the seventies researchers sght to de ne phe-
notypic characteristics of root systems that could increag reproductive ability
under drought stress [34, 28, 38]. In this study we conducte sensitivity anal-
ysis in which we varied the parameter to allow rapid root growth and access
soil water stored in deep layers. The prediction of the undelying hypothesis is
that yield increase with increasing .

Figure 6 show the variation of seed mass with plant populatim and under
drought stress. Seed mass response to plant population wasgendent upon
root growth; signi cant interactions ( P 0.0001) were detected between plant
population and . At high plant population seed mass increased with decreasg

. These di erences were both signi cant and of large magnitwe ( Y 4000
g m 2). Regardless of the magnitude of the di erences we should ephasize

12
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d 1. Simulated conducted for high plant population (Fig. 6)

that our results are unexpected, counterintuitive, and cortroversial. Previous
studies [34] and the current conceptual model for root ideotpe for drought
tolerant corn suggest a plant with large [38, 34].

Variations in  did not a ect the dynamics of biomass accumulation during
the vegetative period at the canopy level (on area basis) (Kj.7). Changes in
biomass dynamics were noticeable only in post owering. Ths suggest that

a ects either the determination of kernel numbers or barremess, which is
determined by biomass accumulation in pre owering and eary post owering.
On an area basis there were no di erences in total water use a# is evident
from the almost identical biomass values up to begin grain ling (Fig. 7. time
step 90). Figure 8 shows that barrenness increase with incesing values of .
Spatial patterns of barrenness shifted from random to incrasingly organized
clustered patterns. For these patterns to emerge it is necesry for to aect
the dynamics of biomass accumulation of individual plants,thus a ecting the
distribution of total biomass among plant types.

Figure 9 shows frequency distributions of vegetative, preowering (12
N  Np) and seed mass for simulations conducted at high density (i.6) and
three levels of . During the vegetative period (N 11) the frequencies of
large plants (W 71 g pl 1) increased with increasing . This subpopulation
of plants had increased water use early in development. The gttern reversed
during pre owering. During this period the highest frequency of plants with
low biomass accumulation corresponded to those with highés and highest
biomass accumulation during early stages. Early consumptin of water limited

13



Figure 8: Spatial patterns of barrenness for genotypes of ctrasting root charac-
teristics. Panels from left to right correspond to simulations run for parameter
23.5, 33.5 and 43.5 mm d*.

the biomass accumulation during a critical period causing a increase in the
frequency in barrenness and plants producing low seed mass.

The relevance of an optimal partitioning of water use betwea vegetative and
reproductive periods to maximize vyields it is well known [29. Our simulation
results suggest that patterns of water use within the vegetéive period could
also be relevant to increase yields, in particular under hip plant populations.
Reduced water use and transpiration due to reduced root hydaulic conductance
has been shown to increase wheat yields under drought stre§31, 28]. Although
we modi ed a parameter in the model that controls root elongdion rates, the
biologically relevant e ect of was to delay water use toward the critical period
for yield determination in corn. The same e ect could be attained by increas-
ing the root hydraulic conductance as proposed by Passiourg81, 28]. Reduced
transpiration due to stomata closure in response to ABA rootsignals [8] is an-
other mechanism that would allow shifting water consumption to critical stages.
Recently, Sinclair et al. [35] showed bene ts of this trait in sorghum grown in
low yielding environments.

Increasing root elongation, in our virtual environment , through breeding
can increase resource capture but also can modify the patterof water use and
biomass accumulation. In this study, played a major role as a determinant
of historical events (biomass accumulation during pre oweing) which caused
symmetry breaking in pre owering biomass, barrenness and ields. There is no
guarantee that this specic result regarding the set of values for , not even
the sign of the association between and seed mass, could be generalized to all
drought stress environments. Instead, this results suppds the concept proposed
by Hammer et al. [14, 15] of investigating interactions between environmet
types and plant traits that could confer drought tolerance. Our results suggest
the need to conduct these studies using agent-based modefjnas shown by
the contrasting results obtained with respect of those foun by Sinclair and
Muchow [34]. The mechanisms generating symmetry breakingra of general
value, without which biomass allocation among plants and nal seed yield could
not be adequately predicted.

14
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4.4 Environmental noise and corn productivity

A simulation experiment was conducted to study the role of mcroenvironment
variability and intraspeci ¢ competition as mechanisms capable of producing
emergent behavior commonly observed in corn canopies. Botin the presence
or absence of environmental noise the agent-based model ggated typical re-

sponses of seed mass to increasing plant population (Fig.1®ig. 4, Fig. 6)

[13, 33]. The mechanism underlying these responses were idieal as those
presented in previous simulation experiments (Fig.8, Fig9). The proportion of

barren plants increased with increasing system throughput The results showed
that intraspeci c competition for light alone is su cientt 0 generate multimodal
distributions, and emergent patterns of barrenness. Howesr, the frequency
distributions of simulated total mass and seed mass tendeda a set of dis-
crete classes rather than to a continuous variation as showim empirical studies
[24, 39]. The addition of environmental noise increased bimass variability and

approximated the simulated distributions closer to the obsrved normal distri-

butions of shoot mass. Average yields decreased for all plapopulations as the
frequency of barren plants increased with the addition of emironmental noise.
Yield reductions were highest at 11 pl nf. At higher throughput the system

collapsed.

Although the agent-based model simulated bimodal distribuions of shoot
mass and barrenness, it was not capable to simulate a realist frequency of
plants of low mass. The distributions of simulated seed and d¢tal mass were
consistently skewed toward high mass end. Additional mechaisms that allows
plants to adjust their behavior in response to neighbors, fo example to change
biomass allocation to root and shoots, or to vary speci c led areas [36, 4] may be
required to enhance the model and approximate the solutiongloser to observed
mass distributions.

16



5 Conclusions

We developed the rst ecophysiological agent-based modehiolving interaction
among individual corn plants. Despite the simpli cations introduced in the
model at this stage of development, the model behavior was rearkably con-
sistent with empirical observations. Agent based modelingoroved a useful tool
for understanding corn growth and development under compétion for limited
resources. Our results suggest that intraspeci ¢ competiion alone can generate
emergent patterns in barrenness and explain yield variatios in response to plant
population. However, other mechanism should be included tsimulate more re-
alistic shoot and seed mass distributions. Simulations coducted for three levels
of root elongation rates demonstrated the importance of hitorical events and
dynamics in agricultural systems as deteminants symmetry beaking, emergent
behavior and the formation of complex patterns. Consisteny accross simula-
tion experiments, maximum levels of production were achiegd just before the
formation of complex patterns. Further increases in throudhput led to a system
collapse.

Due to the existence of multiple local optima, the emergencef complex pat-
terns under high plant competition and the yield dependenceon multiple traits,
our simulation results suggest an important role of simulafon in assisting ge-
netic improvement of crops. Future work could focus on a) exénding the model
to include a spatial water balance model, b) quantify the value of traits using
large soils and weather databases, c) integrating the modekith a genetic algo-
rithm and QU-GENE to investigate evolutionary processes urderlying genetic
gains and variation in plant form and function, and d) couple the agent-based
model with statistical models underlying genetic variation in model parameters.
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