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HIGHLIGHTS
 We describe and demonstrate a multidimensional framework to integrate environmental and genomic predictors to enable
crop improvement for a circular bioeconomy.
 A model training procedure based on multiple phenotypes is shown to improve predictive skill.
 The decision set comprised of model outputs can inform selection for both productivity and circularity metrics.
ABSTRACT. Contemporary agricultural systems are poised to transition from linear to circular, adopting concepts of recycling, repurposing, and regeneration. This transition will require changing crop improvement objectives to consider the
entire system, and thus provide solutions to improve complex systems for higher productivity, resource use efficiency, and
environmental quality. The methods and approaches that underpinned the doubling of yields during the last century may no
longer be fully adequate to target crop improvement for circular agricultural systems. Here we propose a multidimensional
framework for prediction with outcomes useful to assess both crop performance traits and environmental sustainability of
the designed agricultural systems. The study focuses on maize harvestable grain yield and total carbon production, water
use, and use efficiency for yield and carbon. The framework builds on the crop growth model whole genome prediction
system, which is enabled by advanced phenomics and the integration of symbolic and sub-symbolic artificial intelligence.
We demonstrate the approach and prediction accuracy advantages over a standard statistical genomic prediction approach
used to breed maize hybrids for yield, flowering time, and kernel set using a dataset comprised of 7004 hybrids, 103 breeding
populations, and 62 environments resulting from six years of experimentation in maize drought breeding in the U.S. We
propose this framework to motivate a dialogue for how to enable circularity in agriculture through prediction-based systems
design.
Keywords. Circular bioeconomy, Circular economy, Crop improvement, Crop models, Drought, Gene editing, Genomic
prediction, Maize, Plant breeding.

S

ociety and consumers, particularly the new generations, are demanding healthier and sustainably produced food, fiber, and fuel. The traditional high input/output agriculture paradigm with low recycling
and high emissions, i.e., linear agriculture, is no longer viable
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to meet sustainability goals (Jordan et al., 2007). A circular
economy approach is being advocated as the alternative paradigm for sustainable intensification (Ellen MacArthur Foundation, 2015) while enabling society to combat climate
change (Ellen MacArthur Foundation, 2019). Circularity in
agriculture, and more generally in food systems, seeks to reduce inputs and toxic waste, reuse materials and machinery,
recycle nutrients not essential for human nutrition, and regenerate natural and production systems while improving the
economic viability of the food and agricultural systems (Ellen
MacArthur Foundation, 2015; Jones et al., 2020; Basso et al.,
2021). The business and engineering focus of circularity
(Geissdoerfer et al., 2017) can be viewed as a set of principles
that will enable industry to practice the sustainability narrative, and thus meet sustainability goals.
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Plant breeding has played a pivotal role in shaping the
linear agriculture of today (Duvick et al., 2004; Fischer et
al., 2014), in which copious quantities of inputs such as synthetic nitrogen (N) fertilizers, phosphorous, and water are
transformed into proteins and carbohydrates for human consumption, biofuels, and animal feed. Plant breeding underpinned the transformational Green Revolution in wheat and
rice (Pingali, 2012) and the sustained long-term incremental
yield revolution in maize (Duvick et al., 2004; Cooper et al.,
2014a). Breeding objectives for this linear agriculture were
defined to create genotypes capable of transforming increasing quantities of production inputs into grain for human consumption and the production of animal proteins. Figure 1
shows the concurrent increases in resource use and yield improvement. Dwarfing genes in wheat and rice were used to
improve standability and avoid the lodging associated with
the use of synthetic fertilizers (Monna et al., 2002; Pingali,
2012). Tolerance of increased planting density and improved
light conversion efficiency underpinned the sustained genetic gain of 8.6 g m-2 year-1 (Cooper et al., 2014a; Messina
et al., 2021) under irrigation and high nitrogen fertilizer use
in the U.S. corn belt (fig. 1). While breeding for linear agriculture led to reduced deforestation and increased transformation efficiencies (Burney et al., 2010; Stevenson et al.,
2013; Mueller et al., 2019; Cooper et al., 2020), these outcomes were not purposefully selected as breeding objectives.
Efficiency of water use (g mm-1) increased 1.62 fold over a

century of breeding (Cooper et al., 2020). Transformation
efficiencies for N increased at a rate of 0.21 g g-1 year-1, associated with the change of N allocation between leaves and
stalks (Mueller et al., 2019; Fernandez et al., 2020). However, unintended consequences in water use, soil degradation, and chemical runoff have had negative environmental
impacts due to the lack of systems designs and policy (Robertson and Vitousek, 2009; Paustian et al., 2016; Rodell et
al., 2018).
What is needed to improve crop production, environmental quality, and predictions in circular systems? The complexity of a new reality and the societal ambitions to apply
principles of circular economies in agriculture from local to
regional scales (see Chang et al., 2021, for an example of
N management and global food security) demand rethinking
of predictive plant breeding. Crop improvements that enable
circularity in agriculture will require reimagining objectives
that include not only higher productivity and stability but
also lower environmental footprints, sequestration of carbon
to combat climate change, improved efficiency of water use,
improved nutrition and more equitable access to food, and
reduced food waste (Paustian et al., 2016; Bailey-Serres et
al., 2019; Bossio et al. 2020). The fundamental contrast between breeding for circular and linear food systems lies in
the need for the design of new genotype  management systems (GM) for which there are currently insufficient or no
data to train algorithms (Messina et al., 2020). The

Figure 1. Long-term selection for yield and yield stability for linear agricultural systems realized sustained genetic gain in maize under various
environmental and management conditions (e.g., irrigation, limited nitrogen fertilization). Graphs show best linear unbiased predictions from
meta-analyses conducted using experiments run between 1990 and 2019 in managed stress environments located at Woodland, California; Viluco,
Chile; and Macomb, Illinois, under (a) drought stress, (b) nitrogen stress, and (c) irrigation, and (d) in the U.S. corn belt, as well as (e) nitrogen
fertilizer rates and (f) irrigated acres of maize in the U.S. (source: USDA-NASS Census of Agriculture).
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performance landscapes generated by these systems are often rugged and the result of a complex dynamical system,
within which there are multiple feedbacks and non-linear influences of the environment and management on crop
growth and development, which compound over time. Because effectively exploring these spaces through empirical
methods is not practical or possible, novel prediction-based
methods that build on the theoretical and practical successes
in crop improvement in the last century will be required to
enable agricultural systems engineering for modern circular
economies. This need generates a creative tension between
an insistence on prediction on one hand and a requirement
for looking at causality on the other. This tension is not
unique to agriculture. It also occurs in other disciplines and
application domains such as material sciences (Chen et al.,
2021; Gomes et al., 2021), bioengineering (Oyetunde et al.,
2018), and human health (Albers et al., 2018; Baker et al.,
2018).
Designing crops and selecting hybrids and varieties for
circularized systems is a more complex target than traditional paradigms, necessitating tradeoffs and exploration of
novel solutions in multiple dimensions (fig. 2). Three critical
dimensions for breeders considering crop improvement for
circularity are: N cycling and emissions, water use and recycling, and carbon (C) sequestration and emissions (fig. 2).
Metrics of circularity useful to enable decisions in these dimensions can include regeneration and maintenance of utility of resources, resource conversion efficiency, reuse and
recycling of materials, and net greenhouse gas emissions
(Geng et al., 2013; Rukundo et al., 2021).
Management of the increased complexity associated with
breeding selections in multiple dimensions will require leveraging advances in artificial intelligence (AI) for decision
support, particularly those advances in AI that leverage the
pairing of expert knowledge with machine learning. Manually encoded expert knowledge, otherwise referred to as

Figure 2. Multidimensional framework for predictive breeding and
crop improvement to enable circular agricultural systems by means of
genotype  management (GM) technologies. Current crop improvement focuses on one trait at a time (e.g., crop yield, quality). Novel approaches will be required to consider multiple traits and how changes
in these traits affect resource use, use efficiencies, carbon and environmental footprints, and their tradeoffs.

65(3): 491-504

symbolic knowledge, provides abstraction and interpretability; algorithmically learned associations, or machine learning, generate sub-symbolic models often with superior prediction accuracy but little interpretability (Mitchell, 2019,
p. 336; Gunning and Aha 2019; Calegari et al., 2020). The
harmonization of symbolic and sub-symbolic modeling is
proposed as a research pathway to achieve explainable AI,
and here we use similar conceptual principles in the form of
linking crop models and genomic prediction (Technow et al.,
2015; Messina et al., 2018; Diepenbrock et al., 2021).
Circularity mindsets within the breeding process itself will
be needed to develop climate-resilient crops and food systems. Instead of breeding for drought tolerance per se, breeding objectives should focus on how to best transform a quantity of any input or set of inputs (e.g., a mm of water) and to
search for technologies to optimize the use of resources using
combinations of genotype (G) and genotype  management
(GM) technologies (Cooper et al., 2020; Cooper et al.,
2021a). Within this framework, breeders will focus on problems for which G and GM are the main levers to have positive impacts on the food system and the environment.
Gene editing can enable breeders to engineer and create
G and GM technologies that satisfy multiple aims and constraints. Gene editing uses nucleases that act like scissors to
cut DNA at specific locations, a DNA repairing system, and
a template to generate deletions, mutations, and DNA additions (Nasti and Voytas, 2021). The technology has been
successfully applied to improve drought tolerance in maize
(Shi et al., 2017) and other traits in horticultural crops
(Brooks et al., 2014; Xiong et al., 2015). While operations
research approaches can optimize the crosses to be made between plant donors and recipients to stack traits, the process
is slow and can become very costly when working simultaneously with many genes. Because of the ability of gene editing to modify the genome with high precision and specificity at multiple sites simultaneously, this technology may offer the opportunity to effectively create G and GM technologies within shorter timelines to have accelerated positive
impacts on the food system and the environment.
We propose that the development of novel approaches for
crop improvement for circularity in agriculture is workable.
For example, the use of CGM combined with WGP has enabled the identification of superior genotypes for root characteristics and yield performance (Diepenbrock et al., 2021).
The CGM-WGP methodology enables breeders to estimate
the merit of a genotype for physiological traits such as rooting from genomic fingerprints, phenotypic data such as
yield, and environmental data. Crops with improved root
phenotypes can contribute 1 Gt CO2(eq) year-1 to carbon sequestration (Paustian et al., 2016), and these root phenotypes
can contribute to yield improvement (Hammer et al., 2009;
Messina et al., 2011; Bailey-Serres et al., 2019). However,
direct selection for root traits has not been part of maize
breeding programs because of the difficulty of phenotyping
and the lack of knowledge integration to enable predictions
and decisions (Reynolds et al., 2021). Improved root systems
can also contribute to better N management and reduction of
the negative impacts of N misuse (Paustian et al., 2016; Robertson and Vitousek, 2009; Chang et al., 2021). Selecting for
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maintenance and recirculation of nutrients within the cropping system and improvement of transformation efficiencies
should be possible. While crop concepts and trait improvements have been proposed (Paustian et al., 2016; BaileySerres et al., 2019; Bossio et al. 2020), methods that integrate
this knowledge and enable prediction for systems designs in
crop improvement are lacking. Our research focuses on food
production for increasingly limiting water resources (Rosegrant et al., 2009; Rodell et al., 2018) and using agriculture
to sequester atmospheric carbon (Kell, 2012; Paustian et al.,
2016; Bossio et al., 2020), The aims of this research are:
 To introduce the concept of crop improvement for
circular agriculture.
 To advance a prediction algorithm that integrates
symbolic (CGM) and sub-symbolic AI (Bayesian
whole genome prediction, WGP) for multi-trait prediction to enable circularity in agriculture via crop
improvement.
 To evaluate the algorithm using a large maize breeding training dataset that was developed to discover
new crop designs enhanced for sustainable water use
in combination with improved yield and yield stability for diverse agricultural environments.

MATERIALS AND METHODS
Our research methodology is based on these assumptions:
 Whole genome prediction algorithms will continue
to be the framework underpinning genetic gain for
yield and other traits.
 Dynamic crop growth models can predict emergent
phenotypes in multiple dimensions by representing
causal scientific knowledge (e.g., C, water, N) and
thus provide the backbone to enable emergence engineering in agriculture.
 Engineering is rapidly advancing the phenomics capabilities that will produce data to train dynamic prediction algorithms.
 AI and rapid advances in hardware make possible the
integration of knowledge (e.g., CGM) and data (e.g.,
WGP) to accelerate genetic gain in multiple dimensions (both traits and environmental footprints) while
preventing the creation of genetic and physiological
bottlenecks.
 Gene editing will enable engineering of crops that
satisfy multiple breeding goals in attainable timelines to have a positive impact on society.
This article is organized in three sections. First, we describe the algorithm that integrates symbolic and sub-symbolic AI for multi-trait prediction. The purposes of multitrait prediction are to increase the predictability of the system through improved model training and to generate outputs to inform decisions. Second, we used a dataset comprised of 7004 maize hybrids, 103 breeding populations, and
62 environments to train and assess the algorithm for improved predictability. The dataset enabled us to define a limit
of prediction for current approaches and produce a benchmark for comparing the proposed algorithm. Finally, we
conduct a simple simulation study to illustrate the concept of
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crop improvement for circularity and motivate further discussion.
CROP GROWTH MODEL
A CGM (e.g., Muchow et al., 1990; Jones et al., 2017;
Soufizadeh et al., 2018) formalizes biological knowledge in
the form of a set of ordinary differential equations (ODEs)
connected with switches to represent a system. The emergent
properties of a CGM follow from the emergent properties of
the incorporated ODEs with feedback mechanisms inside
and between the ODEs and modules. CGMs can be conceptualized as expert knowledge graphs aiding decision support.
Each function of a CGM is an explicitly defined relationship
describing prior knowledge of crop ecophysiology. With
nodes being physiological state variables and the mathematical functions that relate them represented as edges (fig. 3a),
the complete network of processes and states give rise to
emergent phenotypes (Roeder et al., 2022).
Causal graphs are a useful tool to represent knowledge
and illustrate how yield emerges from the interplay between
the environment with the state of the crop and soil at any
point in time during the growing season via biophysical processes. The simple CGM used in this study simulates crop
development, growth, a water balance, and kernel set based
on silk elongation response to water deficit, providing the
basis for predicting biomass and grain yield outcomes. Crop
development acts as a physiological clock in the model, and
it is driven by the simulation of a continuous approximation
to leaf numbers (LN) using an exponential function:

LN  0  e1CDD

(1)

where 0 is the number of leaves present at emergence (~2.5;
Muchow et al., 1990), 1 is the leaf appearance rate, and
CDD is the cumulative degree day calculated with base temperature equal to 8°C. Development post-flowering is driven
by CDD with base temperature equal to 0°C. Daily dry matter accumulation (W/t) is modeled based on development
of leaf area index, light interception, and conversion of light
into mass:





W
 S  1  ekLAI  RUE
t

(2)

where S is the incident total solar radiation (MJ m-2 d-1), k is
the coefficient of extinction (0.4, Muchow et al., 1990), LAI
is the leaf area index, and RUE is the radiation use efficiency
(g MJ-1; Sinclair and Muchow, 1999). Daily water demand
for crop growth (T) is simulated as:
T 

W  VPD
TE c

(3)

where TEc is the transpiration efficiency coefficient (9 to
12 Pa; Tanner and Sinclair, 1983), and VPD is the vapor
pressure deficit (kPa). Whenever the soil water supply cannot meet demand, growth is determined by water supply:


 kl   t  LL 
t

(4)
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Figure 3. (a) Network representation of a dynamic crop growth model including inputs, state variables (nodes), and processes (edges); (b) example
of an edge and node represented as a Forrester diagram with corresponding difference and numerical integration; and (c) genetic models replace
input coefficients in difference equations (d), completing the mapping from gene to phenotype. Genetic models are represented as sum over
markers (k) and their effects (k) to determine the genotype value for trait i and individual j, or using the NK notation, where N indicates the
number of detected (D) and undetected (U) genes/markers, and K and I indicate the interactions within and across the detected and undetected
groups. Replacing process equations with genetic models implements the CGM-WGP method (Messina et al., 2018). Pmax = maximum canopy
photosynthesis, QE = quantum yield, I = intercepted radiation, W = dry matter, N = nitrogen,  = water, and C = soil carbon.

where  is the volumetric soil water content (cm3 cm-3), kl is
a factor that encapsulates attributes of the soil-root system
and regulates water flow as a function of soil water availability (Robertson et al., 1993; Dardanelli et al., 1997), and
LL is soil moisture at the lower limit. Reproductive growth
is simulated by defining the attainable harvest index (HI) at
flowering time in response to the number of silks present at
flowering (Messina et al., 2015; Cooper et al., 2016; Messina
et al., 2019). The number of silks present is determined by
the potential number of floret rings (Nrings) and the length of
husks (Hlength), which determines the distance the silks must
travel along the ear to be exposed to the pollen.
WHOLE GENOME PREDICTION
First introduced in animal breeding (Meuwissen et al.,
2001), WGP has become a central tenet of modern plant
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breeding operations (Cooper et al., 2014b). WGP is a paradigm shift away from attempting to identify individual genes
with discernible effects on quantitative traits (Bernardo,
2008) toward explaining total genetic variance through the
simultaneous estimation of the effects of markers covering
the whole genome (Meuwissen et al., 2016). WGP is thus
agnostic as to the exact source and nature of genetic variation, which enables it to be applied to overly complex traits
(Walsh and Lynch, 2018) for which causal genes with major
and interpretable effects cannot be reliably identified. Building a WGP model requires a set of phenotyped and genotyped individuals, the so-called training set (fig. 4). In its
simplest form, a typical WGP model can be written as:
p      
  N  0, 

(5)
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Figure 4. Simplified view of whole genome prediction (WGP). WGP models are built using a set of phenotyped and genotyped individuals, the socalled training set. Once the model is in place, it can be applied to predict the performance of individuals for which only the marker genotypes
have to be known, the so-called prediction set, which supports selection of superior individuals.

where p is a vector with phenotypic observations of the individuals in the training set,  is a population mean,  is a
matrix with the marker genotypes of the training individuals,
 is the substitution effects (Walsh and Lynch, 2018) of these
markers, and  is a vector of residuals. The latter are typically
assumed to be normally distributed with zero mean and a residual variance that is also estimated. In practice, these models are commonly fitted with Bayesian-Gibbs sampling algorithms, which primarily differ in the prior distribution assigned to the marker effects (Kärkkäinen and Sillanpää,
2012). Once the model is in place, it can be applied to predict
the performance of a virtually limitless number of individuals for which only the marker genotypes have to be known
(fig. 4), thus vastly increasing the scope and scale of breeding programs (Cooper et al. 2014b).
MULTI-TRAIT CROP GROWTH MODEL
AND WHOLE GENOME PREDICTION
Combining CGM with WGP yields a method that can link
the total genetic variation of possibly unobserved physiological parameters to the genetic variation of target traits
through a set of identifiable and describable dynamic biological processes. Underlying the physiological parameters of
the CGM that describes a given genotype’s reaction norms
to the environment are the genome’s marker states and the
effects of those states on the physiological process (Messina
et al., 2018; Diepenbrock et al., 2021). In the example presented in figure 2d, genetic markers (i) and effects (i) are
connected to yield as an emergent phenotype (Roeder et al.,
2022) through a causal graph (figs. 2a and 2b) at the crop
physiological level of organization and a correlation model
at the genomic level: marker  leaf photosynthesis  dry
matter accumulation  yield. The CGM acts as a link function between a genotype and the phenotype (Cooper et al.,
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2021b). More generally, any state variable within the set of
observable phenotypes (ym) can be modeled as:





ym  f y f ,M ,E  error

(6)

where f(-) is the CGM link function, yf is a set of functional
or physiological traits that may be observable or not, M is
management, and E is environment. The error can be normally distributed, and yf can be a function of markers: yf(x,),
where x is a marker profile, and  is a vector of marker effects (Messina et al., 2011, 2018; Diepenbrock et al., 2021).
Phenotypes ym can include crop phenotypes such as yield,
leaf area, and time to flowering, but also system phenotypes
such as soil carbon, soil water, and N content. Traits can be
measured using platforms, e.g., for roots (Kuijken et al.,
2015) and RUE (Cabrera-Bosquet et al., 2016), or estimated
using genomic fingerprints.
Using CGM-WGP, it is possible to make predictions for
any phenotype, e.g., crop yield, leaf area, soil carbon, water
use, and nitrogen use efficiency (fig. 2). Predictions can be
made within the growing season and/or at the end of a growing season for a sequence of years or a certain number of
years into the future, and thus CGM-WGP enables a multidimensional prediction framework (fig. 2). This kind of prediction can inform phenotypes for the system that are impractical or incompatible with the time scales at which the
breeding program operates, but that are important to inform
selection decisions when seeking circularity in agriculture.
For example, the rate of change of soil carbon is slow relative to the decision cycle in breeding (>10 years vs. <1 year).
However, increasing soil carbon is central to the ambition of
improving soil health. While measuring crop water use is
feasible in all plots within a breeding program, it is impractical to do so, but it is possible to use modeling and
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simulations to estimate crop water needs over years and environments. A similar case could be made for the circulation
of nutrients within the agricultural system, which is another
central principle of circularity in agriculture.
EXPERIMENTAL DATA
Field experiments were conducted between 2007 and
2014 at multiple locations in the U.S. corn belt (fig. 5a) and
at the managed stress environment research stations at
Viluco, Chile (33.8° S, 70.8° W), and Woodland, California
(38.7° N, 121.8° W). Soils in the U.S. corn belt locations
were between 1.5 and 1.8 m deep with a soil water holding
capacity of 0.13 cm3 cm-3. Soils in California were deeper
with water extraction measured up to 2.5 m (Reyes et al.,
2015) and water holding capacities varying between 0.11
and 0.13 cm3 cm-3. Soils in Chile had 0.16 cm3 cm-3 of soil
water holding capacity; root growth was limited to 0.6 to
1.2 m deep (Messina et al., 2021) due to the presence of an
ancient impenetrable riverbed layer. Experiments were managed to impose a water deficit during flowering or grain filling in 2007 and 2008. After 2008, irrigation was managed to
impose two levels of water deficit that varied in severity at
flowering time. Fully irrigated control treatments were included at the managed stress research stations each year. Irrigation was delivered through drip tape buried 0.12 m deep.
All experiments were conducted in 5.8 m long, two-row
plots, with rows spaced at 0.76 m. Target plant populations
were 8.6 plants m-2 in the U.S. and 11 plants m-2 in Chile.
Examples of ear phenotypes expressed in managed stressed
environments for two contrasting hybrids are presented in
figure 6.
The experiment included a total of 7615 hybrids sampled
from 132 populations and included common check hybrids
that were repeated across years; ~1000 hybrids were evaluated in each year. Grain yield was measured using mechanical harvesters and reported at 0.15 g g-1 grain moisture.
Flowering notes were collected by tagging ten consecutive
plants two weeks prior to expected flowering in the managed
stress environments. Tags from individual plants were collected daily once silks were visible in the ear and when pollen was shedding in the tassel for the individual plant. Timing of silking and shedding were estimated when 50% of the

Figure 5. Geographical distribution of (a) multi environment trials for
the period 2009-2014 in the U.S. corn belt and (b) simulation sites.
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tagged plants were reported as shedding or silking, respectively. Growing degree units (GDU) were calculated using a
base temperature of 10°C and a maximum temperature of
30°C. The anthesis-silking interval (ASIGDU) was calculated as GDU to silk minus GDU to shed. Kernel number
was measured on individual ears using an imaging system
consisting in an imaging dark box to control lighting conditions, a digital camera, and an imaging processing pipeline
that used image processing software to identify maize kernels (Cooper et al., 2014b).
ANALYSIS OF THE LIMIT OF YIELD PREDICTABILITY
The limit of predictability in drought breeding for a representative commercial maize breeding program was studied
through examination of the prediction accuracy as the number and diversity of environments were increased in the
training set. The size and diversity of the training data set
were represented by the number of locations included in the
analyses; any set of trials that was sampled did not represent
a homogeneous target population of environments. For this
step, only data for the managed environments, where there
were no in-season rainfall events, were included to limit the
influence of non-repeatable factors such as timing of highrainfall storms throughout the U.S. corn belt. The procedure
consisted of bootstrap sampling the dataset without replacement. First, we sampled two locations (environments) in
Chile and two in California. Best linear unbiased predictions
(BLUPs) were computed from across the location phenotypic analyses as:

Figure 6. Phenotypic contrast between (a,c,e) drought-tolerant hybrid
and (b,d,f) drought-susceptible hybrid grown with (a,b) optimal conditions, (c,d) water deficit imposed at grain filling, and (e,f) flowering
stress. Yields for the drought-tolerant hybrid were 1930, 1120, and
1070 g m-2 for the optimal, grain filling, and flowering stress treatments,
respectively. Yields for the drought-susceptible hybrid were 1810, 980,
and 120 g m-2 for the optimal, grain filling, and flowering stress treatments, respectively.
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y  environment  family  hybrid
 row  column  error

(7)

with all terms random except environment. Random terms
were assumed to follow a normal distribution with mean
zero and location-specific variances of uniform correlation
at family and hybrid level, and a normal distribution with
mean zero and location-specific variances for row and column. Residual errors were assumed to follow a normal distribution with mean zero, variance matrix R:

 

 

R   ei  AR1  ri  AR1  ci 



and spatial residual variance ( e2i ). These predictions defined the target value to compare genomic predictions. Second, we sampled training sets from the reminder of the data
set. Each training set included from one to 15 locations to
evaluate the response of prediction accuracy to the increasing number of locations. This procedure was repeated
20 times for each number of locations. A Bayesian genomic
prediction algorithm (BayesA; Meuwissen et al., 2001;
Habier et al., 2011) was trained using BLUPs calculated for
the training sets. The prediction accuracy was estimated by
the correlation between the BLUPs calculated for the four
locations set aside and the genomic predictions. Genomic
fingerprints included at least 100 single nucleotide polymorphism markers for the inbred parents of each individual hybrid included in the experiment.
EVALUATING CGM-WGP AS AN ENABLER
OF CIRCULARITY IN AGRICULTURE
A subset of data generated within the drought breeding
program was selected for completeness of the metadata that
enabled use of the CGM to simulate growth, development,
and yield. The dataset included 103 breeding populations
and 7004 hybrids grown in both managed stress environments and the U.S. corn belt between 2009 and 2014
(n = 62). Best linear unbiased estimators (BLUEs) were calculated for yield, time to shedding, time to silking, and kernel number as:
y  hybrid  row  column  error

(8)

with all terms except hybrid considered random. BLUEs
were used to train the CGM-WGP. For each year, data from
managed environments were always included in the training
set, and data from the U.S. corn belt were used as the validation set. The model was always trained with data from
250 hybrids sampled at random to resemble a frequent practice in breeding. The remainder of the hybrids were included
in the validation set. This procedure extended the procedure
applied by Diepenbrock et al. (2021) to multiple traits. The
CGM-WGP was trained using only yield data or multiple
traits: yield, time to shedding, and time to silking. Model
training was conducted by varying four latent CGM traits:
leaf appearance rate (1, °C), husk length (cm), number of
rings in the ear, and RUE (g MJ-1). Priors for these traits were
from Diepenbrock et al. (2021) and Messina et al. (2018).
To evaluate the merit of leveraging scientific knowledge and
genomic prediction integrated in the CGM-WGP, the
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algorithm was compared with the BayesA method for genomic prediction (Meuwissen et al., 2001; Habier et al.,
2011), which describes genetic effects as direct functions of
molecular markers. BayesA is used as a typical representative for WGP methods that estimate genetic effects based
purely on statistical principles, i.e., without recourse to biological knowledge. The same approach was used to assess
the merit of model training with single or multiple traits.
SIMULATING EFFECTS OF TRAIT VARIATION
ON YIELD AND MASS FOR A RANGE
OF TOTAL WATER USE
A simulation study was conducted to illustrate the concept of selection for circularity using annual crop water use
(evapotranspiration), yield, yield variance over a wide range
of water availability and interannual variation in rainfall, and
stover dry matter as an indicator for the incorporation of carbon into the production system. Simulations were conducted
for three contrasting environments located across a precipitation transect from western Nebraska to the central U.S.
corn belt in Iowa (fig. 5b). Soil water holding capacity was
held constant at 0.13 cm3 cm-3, and depth was set at a maximum of 1.8 m (Hammer et al., 2009). To simulate contrasting hybrids, RUE levels were selected from the posterior
distributions (RUE = 1.8 and 1.4; see Results). The first
planting dates in the 1965-2020 series were 28 April 1965,
11 May 1965, and 2 May 1965 for locations DS2
(41.6° N, -95.4° W), YK85 (41.4° N, -98.1° W), and YK65
(40.4° N, -99.5° W), respectively. Planting densities were
nine, five, and five plants per square meter for these locations. Simulations were conducted for each year with
weather data from the U.S. Climate Reference Network and
NOAA (Bell et al., 2013) within the 1965-2020 period.

RESULTS
MORE DATA DO NOT TRANSLATE INTO
HIGHER PREDICTABILITY FOR WGP
Correlation is a metric of interest in plant breeding to
compare prediction algorithms for their capacity to rank hybrids and varieties. Here we show that the correlation between predicted and observed values was significantly
higher for the anthesis-silking interval than for yield. This is
consistent with the physiological and genetic complexity underpinning the traits. Anthesis and silking are important but
are just two of the many physiological trait determinants of
yield (Messina et al., 2021). The correlation increased with
the increasing number of locations (fig. 7), but rapidly
reached a maximum level of predictability (fig. 7). Depending on the case, the response saturated approximately at
seven locations for both anthesis-silking interval and yield.
MULTIDIMENSIONAL DATA CAN FURTHER
INCREASE PREDICTABILITY
The prediction accuracy for yield was higher for CGMWGP trained only with yield data than for WGP (fig. 8a).
The mean accuracies across replicates and environments
were 0.29 for CGM-WGP and 0.14 for WGP. CGM-WGP
has limited capabilities to predict other traits when trained
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and 8g), indicating that the algorithm was able to harness environmental and genetic information along with prior
knowledge on the non-linear response of silk elongation to
water deficit. The average predictive skill or correlation for
yield was similar whether or not multidimensional data were
included in the training of CGM-WGP (figs. 8a and 8e).
However, a reduction in the frequencies of poor algorithm
performance (accuracy difference between CGM-WGP and
WGP: rCGM-WGP  WGP < -0.2) was apparent. The enhanced
frequency of greater correlation for CGM-WGP indicates
that the use of multidimensional data acting in combination
with the topology of the biological network (fig. 3) was effective in regularizing the prediction algorithm.
OUTCOMES FROM CGM-WGP ADD KNOWLEDGE
ON DIMENSIONS CURRENTLY NOT ACCESSIBLE
TO BREEDING AND ENABLE IDENTIFICATION
OF NEW CROP IMPROVEMENT PATHWAYS

Figure 7. Prediction accuracy for a WGP algorithm (Bayes A) for yield
and anthesis-sinking interval measured in growing degree units
(ASIGDU) under water-limited conditions in relation to the number of
locations included in the training set. Year is the dataset used as the
prediction set. Prediction accuracies are combined in the “All” panel.

only on yield. However, its predictive skill was higher than
zero. The predictive skill for the univariate WGP was zero.
Figures 8b to 8d shows the results for WGP trained on different traits to provide a reference for the predictability of
the trait against which to compare the results for CGMWGP.
Incorporating phenomics information for the other traits in
the training set for CGM-WGP increased the correlation between observed and predicted phenotypes for shedding, silking, and kernel number, but not for yield, relative to training
CGM-WGP with yield data alone (fig. 8). Mean correlations
for shedding, silking, and kernel number were 0.55, 0.54, and
0.22 when the model was trained using multidimensional
data (yield, shedding, and silking dates; figs. 8f to 8h), and 0.01, 0.17, and 0.20 when CGM-WGP was trained with yield
data alone (figs. 8b to 8d). The correlations for these traits
were also higher on average than for WGP. This result indicates that CGM-WGP harnessed information across traits to
model physiological epistasis (Messina et al., 2011; Rodrigues et al., 2022), as in the case of time to silking (r = 0.54
vs. r = 0.17; figs. 8c and 8g), and to a lesser extent for kernel
number (r = 0.22 vs. r = 0.20; fig 8d and 8h). The differences
in correlations for time to silking between CGM-WGP and
WGP were greatest for low WGP predictive skill (figs. 8c

65(3): 491-504

Genotypic variation in physiological traits was estimated
using molecular markers and yield, shedding, and silking
date data for the hybrid (table 1). The variation in these traits
was consistent with the variation observed in breeding trials.
Using marker information, it was possible to estimate both
the trait and how its variation affected yield, yield stability,
water use, and water use efficiency (table 1, fig. 9). Metrics
on resource use and use efficiency contribute to the assessment of circularity. Simulated yields across a large longitudinal and precipitation gradient in the U.S. corn belt were
higher for the high RUE hybrid (table 1) than for the low
RUE hybrid (1179 vs. 1058 g m-2; fig. 9a). Higher yields
were achieved at the expense of greater water consumption
(459 vs. 395 mm), lower water use efficiency (2.56 vs.
2.67 g mm-1), and higher yield variability (p2 = 231139 vs.
p2 =79773). The higher variability calculated for the high
RUE hybrid stems from larger and more frequent yield deviations relative to the 80% quantile front (Cooper et al.
2020) than for the low RUE hybrid. The water conservation
observed for the low RUE hybrid resulted in higher stability
but at the expense of lower yield potential (fig. 9a).
Stover production, herein considered as carbon contribution to the soil, increased with increasing evapotranspiration.
The highest production of stover was correlated with reproductive failure and therefore low yield (fig. 9b). Simulated
yield and stover showed a clear tradeoff between the contribution of stover dry matter to the soil, water use, and yield
stability. The high RUE hybrid contributed more stover to
the soil but with higher water use and lower yield stability
than the low RUE hybrid. The use of more sophisticated
models of plant and soil physiological and physical processes will enable us to account for soil and plant respiration
and how these can contribute to regeneration of the soil in
multi-year assessments.

DISCUSSION
Societal demands may require changing crop improvement goals to include not only yield productivity but also
properties of the environment and production systems. However, a crop improvement prediction framework that enables
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Figure 8. Comparison of correlations between observed and predicted values across genotypes and environments between the crop growth model
and whole genome prediction (CGM-WGP) and WGP (BayesA) algorithms for (a,e) yield, (b,f) shedding, (c,g) silking, and (d,h) kernel number
and two training configurations for CGM-WGP: (a-d) using yield only and (e-h) using yield, shedding date, and silking date. Predictions for kernel
numbers (d,h) are independent in both cases. Two independent replications of the simulation experiment are shown as open and closed circles.
Table 1. Summary statistics for physiological traits estimated using the
crop growth model and whole genome prediction methodology (Blf =
leaf appearance rate, Hlength = husk length, Nrings = number of rings of
kernels per individual ear, and RUE = radiation use efficiency).
Hlength
RUE
Blf
Nrings
(g MJ-1)
(cm)
(°C-1)
Minimum
0.0026
181
40
1.42
1st Quartile
0.0028
198
50
1.58
Median
0.0029
203
52
1.62
3rd Quartile
0.0030
208
54
1.65
Maximum
0.0032
231
58
1.81

circular agriculture is still lacking despite advances in prediction methodologies that consider environmental and
physiological understanding (Millet et al., 2019; Cooper et
al., 2021a; Diepenbrock et al., 2021). Here we demonstrated
such a framework to enable breeders to develop new maize
hybrids and production systems by harnessing knowledge
and data with a certain type of causality, feedback loops,
constraints, and tradeoffs. The data for developing and training algorithms included end-of-season traits, markers, agronomic management, and weather. Further method development and evaluation can focus on the use of time series data
on multiple components of plant growth and development,
and other systems components to optimize a phenomic strategy (van Eeuwijk et al., 2019).
Our results support the feasibility of building a multidimensional prediction framework structured around the integration of symbolic and sub-symbolic AI to enable circularity
in agriculture (figs. 8 and 9) via design of improved cropping
systems. The design of better systems will involve an
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iterative process in which we first assess what kind of systems we have currently, what improvements are workable
given the availability of GM options available in the adjacent space of possibilities (Messina et al., 2011), and what
genotype technologies we should develop to further enable
circularity. Smart experiments in the field and under controlled conditions need to be performed to train models, advance our knowledge, and test predictions (Hammer et al.,
2019). These experiments need to be analyzed in light of what
we already know about the physiology of our hybrid/variety
systems in combination with powerful statistical algorithms
that are usually, but not necessarily, blind to causality. As a
promising proposal CGM-WGP is presented and compared
with a benchmark method that is a pure statistical WGP approach (figs. 2, 3, 4, and 8). Further advances in the integration of knowledge-based and data-driven AI will inform new
developments in CGM-WGP as a framework (Chen et al.,
2021; Gomes et al., 2021; McCormick et al., 2021).
A next step in this effort of building agricultural AI for
sustainable food systems is to include metrics for circularity,
environmental footprints, and biophysical constraints (e.g.,
Giampietro and Ulgiati, 2005; Gerbens-Leenes et al., 2009)
in the optimization process to identify optimal Pareto fronts
in the production systems (de Voil et al., 2006; Rukundo et
al. 2021). In this way, the use of a combination of symbolic
and sub-symbolic AI in the form of approaches like CGMWGP enables simulation to evaluate genotypes (e.g., maize
hybrids) in multiple dimensions, exposes tradeoffs, and creates opportunities for deliberate selections to address
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Figure 9. Simulated (a) yield and (b) cumulative dry matter responses to variation in evapotranspiration during the 1965-2020 period for genotypes with different radiation use efficiency (black symbols = 1.4 g MJ-2, white symbols = 1.8 g MJ-2) grown at three locations in the U.S. corn belt
(41.6° N, -95.4° W; 41.4° N, -98.1° W; and 40.4° N, -99.5° W).

multiple and in some cases conflicting objectives (e.g., food
production vs. water conservation vs. carbon sequestration;
Giampietro and Ulgiati, 2005; Gerbens-Leenes et al., 2009).
Here we demonstrated the feasibility of implementing such
a framework to enable selections to increase yield and
drought tolerance (figs. 8 and 9a) while potentially increasing carbon sequestration given the inevitable biophysical
constraints (fig. 9b). Multiple crops could be included in the
genotype set to extend the range of RUE considered for system optimization (van Oosterom et al., 2021). Decisions on
GM technologies (e.g., the use of a high or low RUE hybrids and plant density) to increase carbon sequestration
should consider the source of water (green, blue, and gray;
Gerbens-Leenes et al., 2009) and preferably the use and
management of other nutrients such as N. The example presented in figure 9 suggests that it is possible to close the yield
gap, but this may come at the expense of lower contributions
of dry matter to the soil.
Circularity principles and concepts could be applied to research and development. Cooper et al. (2021b) advocated for
transitioning linear crop improvement, whereby breeders develop new crop varieties and hybrids for which agronomic
management is optimized at a later stage by farmers and
agronomists, to a circular research process in which data
flows enable the design of joint GM technologies. The application of principles of circularity in the breeding process
itself will be needed to engineer climate-resilient and adaptable cropping and food systems. Education efforts will be
required to shift mindsets from breeding for improved
drought tolerance, yield potential, or nitrogen use efficiency
to creating G and GM technologies to maximize circularity
metrics. Within this framework, breeders will focus on problems for which G and GM are the main levers to engineer
for emergence (Ottino, 2004) and have a positive impact on
the food system and the environment. Evidence to support
the effectiveness of GM technologies in maize has been
generated in retrospective studies (Duvick et al., 2004;
Gaffney et al., 2015; Carter et al., 2018). The application of
CGM-WGP, as shown in this study, can enable prospective
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and ex-ante analyses to shorten the time between the creation
of the genotype to the optimal use of the GM technology.
Creating crops for a circular bioeconomy will likely require harnessing methods in plant breeding and biotechnology. Operations research and optimization could be used to
introgress new trait combinations and for pyramiding the genomic regions required to translate designs into biological
entities that growers can cultivate. However, one can argue
that this process will be too slow and costly. Gene editing
brings the opportunity to accurately and precisely modify the
DNA to engineer the crops needed to circularize agriculture
within the timeframes required to deliver solutions to the
food, feed, fuel, and environmental problems.
While our case study focused on the important problem
of food production for increasingly limiting water resources
(Rosegrant et al., 2009; Rodell et al., 2018) and using agriculture to sequester atmospheric carbon (Kell, 2012; Paustian et al., 2016; Bossio et al., 2020), there are other opportunities to advance toward a circular economy by focusing on
energy and primary production (Gerbens-Leenes et al.,
2009; Haas et al., 2015). The needs to achieve sustainable
use of P (Cordell et al., 2009; Schröder et al., 2011; Cordell
et al., 2012), reduce emissions resulting from production agriculture (Vermeulen et al., 2012; Paustian et al., 2016;
Bossio et al., 2020), and increase production of renewable
fuels (Haas et al., 2015) without requiring export of P or N
from production fields, all call for further research. There are
opportunities to use a combination of selection, gene editing,
and systems agronomy within the CGM-WGP framework to
design circular systems that deliver on current and future societal needs.
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