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1 Abstract: Crop breeding is as ancient as the invention of cultivation. In essence,
2 the objective of crop breeding is to improve plant fitness under human cultivation
s conditions, making crops more productive while maintaining consistency in life cycle
+ and quality. The applications of predictive breeding has been gaining momentum in
s agricultural industry and public breeding programs for the last decade, in the aftermath
s of genomic selection being recognized and widely applied for accelerating genetic gain
7 inbreeding programs. The massive amounts of data that has been generated by industry
s and farmers year after year through several decades has finally been recognized as an
o asset. A wide range of analytical methods such as machine learning, deep learning and
10 artificial intelligence that were initially developed for diverse quantitative disciplines are
1 now being adopted to crop breeding decision making processes. New technologies are
12 currently being developed that would enable integration of data from various domains
13 such as geospatial variables and a multitude of phenotypic responses as well as genetic
1 information, in order to identify, develop and improve crop faster via partial or full
15 automation of the decisions that pertain to variety development. Here we will discuss
1 and summarize efforts from public and private domains for predictive analytics, and
17 its applications to crop breeding and agricultural product development, and provide
1s  suggestions for future research.

1v  Keywords: machine learning; agroclimactic modelling; crop breeding and genetics;
20 GxE

21 Abbreviations

22 The following abbreviations are used in this manuscript:
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ML Machine Learning
DL Deep Learning
Al Artificial Intelligence
GS Genomic Selection
GEBV  Genomic Estimated Breeding Value
GWAS Genome-wide Association Study
MET  Multi-environment trials
TPE Target Population of Environments
QTL Quantitative Trait Locus
2« MAS  Marker Assisted Selection
MARS Marker Assisted recurrent Selection
MAB  Marker Assisted Backcross Introgression
GM Genetically Modified
GxE Genetics-by-Environment interactions
MLM  Mixed-Linear Model
AMMI Additive Main effects and Multiplicative Interaction Model
RM Relative Maturity
CNN  Convolutional Neural Networks
RNN  Recurrent Neural Networks

s 1. Introduction: How did we get here?

26 Although the common wisdom states that the only objective of crop breeding is
2z to improve productivity, i.e. yield — this is clearly an oversimplification. The actual
s root objective of breeding is to improve cultivate-ability, while increasing productivity
2 (Borlaug, 2007).

30 Cropping systems vary widely- and are conditional on the available resources and
s1 constraints at the time of cultivation. Some of the general features that define the
2 cultivation conditions are geography and climate of the farm; economic, social and
;s political pressures; available technologies and instruments as well as the philosophy and
s culture of the farmer and the society (Borlaug, 2007). All these constraining features of
s cultivation are very temporally dynamic, with the exception of geography and climate.
s Geography and climate are the only features of cropping systems that are stable over
57 time and thus are long-term influencers of crop improvement practices through-out the
;s ages (Bullock, 1992).

39 Crop improvement practices in reality, require a breeder to address multiples of
w0 breeding goals some of which are antagonistic (Kwon and Torrie, 1964; Meredith and
s Bridge, 1971; Kato and Takeda, 1996; Triboi et al., 2006; Erskine et al., 1985). These goals
22 are frequently related to productivity and cropping systems, as well as post-harvest
s characteristics and cost-of-goods and economics of seed production systems (Guanming
s etal.,, 2010). For instance, for seed crops, there is a known negative genetic correlation
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s between protein and oil content of the seed that is postulated to be rooted in C-N
s partitioning biochemistry and physiology of the seed(Reekie and Bazzaz, 1987; Moose
ar etal.,2004; Guo et al., 2013; Li et al., 2010). Likewise, negative correlations were reported
s for traits like fruit size and number of inflorescences in various plants(Reekie and Bazzaz,
s 1987; Schoen and Dubuc, 1990), or between overall seed yield and protein content in
so some crops such as wheat and soybeans (Oury and Godin, 2007; Rotundo et al., 2009)
s1 and between plant biomass and seed yield in grasses like sorghum (Piper and Kulakow,
s2 1994).

53 Crop-wildrelatives studies comparing the degree of antagonism between these
s« correlated traits for elite and native versions of crop species revealed that the extreme
ss antagonisms observed in elite crop varieties are often variety specific, and are likely to
ss be driven by the genotype x environment x cropping systems interactions and genetic
sz drift- due to the bottlenecks the breeding populations experience under extreme selection
ss (Ledford, 2017; Greene et al., 2018; von Wettberg et al., 2018), a concept referred to as
so genetic erosion (Van de Wouw et al., 2010).

60 Modern studies with mutants and gene editing successfully validated that these
&1 antagonisms are often undesirable by-products of domestication and breeding practices
ez (Ledford, 2017), and indeed some can be overcome by genetic modifications (Li et al.,
&3 2015; Soyk et al., 2017) albeit at the cost of adding an additional trait to select into the
s« breeders’ tally of breeding goals.

65 These and other constraints described previously lead to breeding selections and
s advancement decisions in a breeding program becoming a complicated balancing act;
s7 approaches for balancing the various priorities are still heavily debated(Batista et al.,
e 2018). Some favor straight truncation selection, others suggest applying index selection,
o Wwith variable indices at each advancement stage gates, with no consensus over a standard
70 Pprocess.

7 The changing economics of the seed industry starting around the late 1980’s set
72 the breeders up for yet another incredibly hard task: Starting with the existing elite
73 varieties-those that are indeed regionally adapted and genetically differentiated, create
74 varieties that are adapted to large cropping areas that demonstrate stable performance
7 across environments ! Following the development of the transformed strain, the
76 transgene is then conventionally back-cross introgressed into the rest of the elite
77 germplasm.

78 Since this is a costly process, economic and practical constraints have driven the
7o number of varieties that should be designated elite for marketing to a fraction of what it

1" This objective was driven by the emergence of GM technologies. In most crops, there is only a single

transformable lab strain/ variety, and that strain is often the only strain that is genetically modified.
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so was before. Regional adaptation concept started to be frowned upon, and the quest for
a1 finding that elusive elite line that works well everywhere began(van Eeuwijk ef al., 2016).
82 Since all the starting material was elite, and all had acceptable productivity traits,
s the logical reasoning for how to achieve this task was through modification of flowering
s« time characteristics of an existing variety so that it could be grown in additional relative
ss maturity zones (Doubler, 2016). The proposed path to doing so was through backcross
ss introgression and directional selection. The idea was if a cross between a high-line and
sz a low-line for the favorable trait is available then a cross between the two would be
ss segregating for the desirable trait. The breeder then could start back-crossing selected
s progeny to either parent to create recombinant-lines that would only be different from
o the target parent in its flowering time characteristics, but would otherwise be identical to
o1 parental phenotypes.

% Although the logic of this process- a natural extension to decades long QTL mapping
o3 and marker assisted breeding studies- was correct and applicable to some crops, i.e.
s soybeans (Doubler, 2016), the complex nature of the flowering time as a trait in many
s other crops, influenced by hundreds of QTL with numerous alleles was not amenable to
s this approach(Buckler et al., 2009). The genetic architecture of flowering time is highly
o7 complex in many crop species and thus involves multitudes of loci scattered across
s the genome. An attempt to co-introgress more than a handful of donor loci alleles to
% a recipient background with only limited number of recombination possibilities in a
10 biparental cross creates a requirement for hundreds of thousands of progeny per cross
11 to be generated at each back-cross generation to find the elusive recombinants with the
102 right combination of alleles across their genome.

103 One recent example that demonstrates this process clearly is the Tenallion (2018)
s study, where the authors employed 13 generations of divergent selection to an initial
s biparental cross, and obtained five distinct populations with a time-lag of roughly two
s weeks between Early- and Late/VeryLate-flowering populations (Tenaillon et al., 2018).
17 Although this may attest to the feasibility of such a process, 13 generations roughly
s translates to 6 years of breeding, minimum. Therefore, it is clearly not-optimal for
100 commercial product development, where a product life cycle for seed varieties are often
uo estimated to be at 6 to 7 years.

111 After about three decades of trying to full fill these objectives with a combination
u2 of marker assisted breeding(Ribaut and Hoisington, 1998) and ideotype selection
us approaches(Gauffreteau, 2018) breeders finally realized that for majority of breeding
14 Objectives (e.g. improve yield, change RM and introgress transgenes and disease
us resistance alleles at the same time) this was a logistically challenging task and rarely
us produced the fully intended product. The number of loci that required concurrent
u7 selection was increasing exponentially, as the number of disease resistance traits and
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Maize Patents by Their priority Dates between 1987 and 2017
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Figure 1. Number of maize patents filed between 1987 and 2017, ordered by their
priority dates, and broken down as inbred( gold) and hybrid(blue). Data extracted from
patents.google.com, and is available as supplementary material. The number of inbred
lines developed is more uniform over time, while the number of hybrids show a big
jump, starting in 2007, marking the onset of priority shifts from inbred line development
to hybrid testing driven by hopes of generating hybrids of existing elite parents that can
work over larger geographies. The dip observed in hybrid numbers in 2015 marks the
onset of the products developed through predictive modelling, whereby cutting back
the numbers for expensive advanced stage testing,trialing and registration.

us desired properties increased. As a result, the process quickly became intractable with
1o existing methods, and far exceeded the desired delivery times and created undue stress
120 on logistics and operations (Tutino, 2016).

121 Rate of genetic gain in breeding programs stayed stagnant, and ambitious product
12 development deadlines set due to increasing economic pressures in the competitive
123 markets passed unmet which in turn effected the economics of the organizations and
124 the research funds available for breeding. These trends are reflected in the number of
125 inbred and hybrid variety patents filed for maize and soybean varieties, comparing the
126 historical trends with those after 2010 (Figure 1). These economic limits were one of the
127 significant drivers that lead to the adoption of genomic selection as a concept, and the
12s  breeding community embracing predictive modelling as the method of choice for rapid
120 genetic gain in breeding programs.


http://dx.doi.org/10.20944/preprints201903.0115.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 March 2019 d0i:10.20944/preprints201903.0115.v1

Version March 6, 2019 submitted to Crop Science 6 of 28

130 Genomic selection offers the unique perspective of selecting the best individuals out
11 of the available population pool, in contrast to trying to create the ideal individual based
122 on an ideotype, hence removing the constraint for selecting the best alleles at each loci in
133 a trade-off for selecting the best combination of alleles across the genome that work well
134 together and is already available within the set of existing varieties.

135 2. Scribes, Prophets and Match Makers: Clustering, Classification and
13 Combinatorics for Breeding

137 "Predictive algorithms start out as historians: they study historical data to detect
s patterns. Then they become prophets: they devise mathematical formulas that explain
130 the pattern, test the formulas against historical data withheld for the purpose, and use
1o the formulas to make predictions about the future." Lepore (2018)

w1 2.1. Prediction of Unobserved Phenotypes by their genomic similarity to known samples

142 One of the earliest and most widely used applications of machine learning in crop
13 breeding is its utilization for prediction of unobserved phenotypes, based on genetic
s markers. This process often referred to as GEBV estimation (for Genomic Assisted
us Breeding Value estimation) utilizes the resemblance between relatives principles as
s measured by the genomic similarity between individuals in a population. The initial
147 applications leveraged pedigreed populations, where the parents of a bi-parental cross
us and their progeny were used to develop models that could predict un-observed progeny
10 phenotypes from the same cross (Meuwissen et al., 2001; Meuwissen and Goddard, 2001).
150 Later on, methods were developed to apply similar principles to predict phenotypes for
151 un-pedigreed, diverse line populations leveraging identical by state based resemblence
122 between individuals as opposed to identical by descent(Peiffer et al., 2014; Ersoz ES,
153 201 7)

154 Statistically this is a very straightforward process, wherein the genome is
155 characterized by assayable markers, where the markers are assayed in both parents
15s and in a fraction of the progeny. In a sense, this step leverages the same principles as
157 QTL mapping approaches - where the objective is assignment of a phenotypic value
155 to each segment of the genome. The main operational difference from QTL-mapping
10 lies in the fractionation of phenotypic variation that is attributed to each marker. While
10 in QTL mapping this objective is achieved through a direct test of correlation between
11 the allelic state at a genomic position vs. the phenotype, in many GS applications
162 the first step is inference of individuals’ similarities to each other via calculation of a
13 G- matrix, and then fractionating the G-explained phenotype. The more conceptual,
1+ theoretic distinction between QTL mapping and GS is in how the genetic differences
1s are modeled to contribute to the phenotype, with the QTL models primarily targeting
s relatively large-effect markers/intervals and the GS models aiming to capture polygenic,
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17 small-effects as a composite value across all intervals in the genome (Meuwissen and
s Goddard, 2001). More recent models allow searching and reporting both types of effects
10 and use flexible distributions (Moser ef al., 2015).

170 Naturally, this approach was first applied to fully characterized populations where
i predicted and observed phenotypic values have been compared and contrasted. The
12 level of correlation between the observed versus expected phenotypes define the level
w73 of accuracy-of-prediction that can be achieved by this approach. Since 2010, the research
17+ community has focused on ways to incorporate flexibility and additional features into
175 these models, including environmental parameters, as well as genotype-environment
76 interaction (g x e) terms.

177 Nonlinear components can also be added into the linear predictions (Voss-Fels et al.,
s 2018). Nonlinear (epistatic or conditional) predictions are especially important in elite
179 breeding populations; the form of g x e selection will vary between optimization for
150 wide adaption varieties and specific small-holder or regionally-branded varieties — but
11 consideration of the environment is now an integral part of genomic selection algorithms
182 (Voss-Fels et al., 2018).

183 2.2. Paradox of Choice: Many methods one GEBV

184 There are many recent published examples of selection on relatively small scale
15 data sets in crop and animal breeding (Gorjanc et al., 2018; Dimitrijevic and Horn, 2018;
s Ozimalti ef al., 2019; Rio et al., 2019; Sweeney et al., 2019). Linear methods such as GBLUP
17 typically work quite well for building predictions for almost all applications. Heslot
188 et al.(Heslot ef al., 2012) compared and contrasted performance metrics from several
1.9 methods (Heslot ef al., 2012) and concluded that when multiple methods have been
1o applied to the same data set, prediction quality is often similar for GBLUP, bayesian
11 models, and recursive partitioning methods such as random forest (Heslot ef al., 2012) —
192 however the exact set of SNP alleles varies with the specific method. These comparisons
103 reported were based on predictions in biparental populations.

194 When various methods and models were compared for their predictive accuracy in
105 un-pedigreed populations, however, the observation was that optimization of the training
1vs population composition based on relatedness to a target population can potentially
107 increase the prediction accuracy and alter the algorithmic efficacy of various methods
10s and models applied for within and cross-population for prediction accuracies and GEBV
100 calculations (Ersoz ES, 2017).

200 Multi-environment studies for variety testing and development are often statistically
20 under powered for detecting small effect sizes, due to the economic trade-off created
202 by the total number of plots that can be included in an experiment. Breeders are often
203 required to choose between small number of samples in many sites vs. large number of
204 samples in few sites while designing these experiments. In the absence of preliminary
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205 power studies to guide such choices, these decisions are often driven by operational
200 Optimization concerns based on advancement stage of the material tested. In early stages
207 Of line development, few sites with many samples are favored, while in later stages many
208 sites with few samples are favored.

209 This logistic limitation of multienvironment testing, often disregards the variability
210 expected in QTL effects across environments by virtue of GXE, as well as penetrance, as
o1 nuisance parameters 2 that are anticipated but are not expected to effect the estimates of
212 "real effectors”.

213 Since the underlying objective in commercial breeding is often adaptation to large
2 geographies and cropping systems, only the effects that can be detected despite these
215 limitations are considered "real" and are leveraged for MAS applications. This process
216 inadvertently creates an implicit selection bias against GXE responsive QTL in elite
217 variety testing and material development.

218 Another concern in QTL mapping and genomic selection is perceived pleitrophy
210 3. As was described previously, both QTL mapping and GS approaches work through
20 fragmental evaluation of the genome for the correlated change in allele states and
2z the phenotype of interest. The larger the size of each fragment evaluated, the higher
222 the likelihood that it will contain QTL for more then one phenotype, especially if the
223 phenotypes of interest are complex in their genetic architecture (large number of small
222 effect QTLs). We are calling this phenomenon perceived pleitrophy as opposed to genetic
225 pleitrophy, since it is in fact an artifact of the analysis methods and does not actually
226 offer any insights into the molecular nature of co-regulation of multiple phenotypes.

227 Kemper et al. (2018) has shown with simulations that the assumption of pleitrophy
2s across multiple environments, generates significantly different results in contrast to
220 analysis of each trait-environment combination individually. The difference was often
230 not a significant change in predictive efficiency, but rather in the distribution of significant
2 effects and the markers implicated to capture that variation.

232 This and the observation that any random set of independent markers are as
23 predictive as known-allele/effector networks in explaining observed phenotypic
234 variation (Buckler ef al., 2009) casts doubt over the utility of GS and by proxy GWAS in
235 its ability to identify functional variation (Moore et al., 2018). More work is needed to
26 understand such observations as to their cause, whether they are artifacts of the methods
27 used, or if they are biologically based.

2 See Nuisance Parameter https:/ /en.wikipedia.org/w/index.php?title=Nuisance_parameter&oldid=
875520938
3 See Pleiotropy https:/ /en.wikipedia.org/w/index.php?title=Pleiotropy&oldid=883927922
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Figure 2. Graph network of potential breeding crosses considered

238 2.3. Black sheep to Black Swans : Parent, Cross and Progeny Selection

239 The first practical question any breeder needs to repeatedly address at the beginning
20 of each and every breeding cycle is which crosses to make, or in other words parent &
21 cross selection. This problem is a variation of a very well studied mathematical problem,
22 formally known as combinatorics. It is defined as dealing with combinations of objects
23 belonging to a finite set in accordance with certain constraints. One of the oldest and
244+ most accessible parts of combinatorics is graph theory and set theory.

245 Assume you have lines Al, A2, A3 and B1, B2, B3 available to make crosses with
2s Figure 2. You start with the constraint that the A types should not be crossed with
27 each other and neither does B types. Of the remaining nine combinations, you need to
2s pick one. An additional constraint is that you would like to maximize the transgressive
29 segregation potential of the cross, with generating the maximum number of progeny
250 that perform better than either parent.

251 This problem can be visualized as a network graph (Figure 2). The graph consists
22 of six nodes and nine vertices and is not directed- meaning the direction of the vertices
23 from node to node is not defined. If the directionality of a cross is important for the
24 process (e.g. Although monoecious, the lines will be treated like they are diocious: A
25 lines will be designated females, and B lines will be designated males, and reciprocals
26 are not considered equal), the direction can also be defined.

257 Let’s assume that each of the vertices carry a weight. This weight can be the genetic
28 distance or similarity between the nodes (Figure 3a), the average yield observed in
20 the F1 when the two parents at the nodes were crossed (Figure 3b), or the fraction of
20 transgressive segregants observed in the past experiments when these crosses were
21 made(Figure 3c), or a vector or scalar combination of all of the above weights. For
22 visualization purposes, the lengths of the vertices can be scaled to represent their weights,
23 which would present an immediate visual representation of all of the above mentioned
264 relationships between nine individual lines.

265 The intuitive visuals is just one advantage of using graph models to visualize
266 breeding crosses. Analytically, graph modelling of breeding/crossing networks as
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C B3

Figure 3. Example cross network graphs with the vertices scaled according to A. Genetic
distance, B. average F1 yield, C.Fraction of transgressive segregants. If no transgressive
segregation was observed, the vertex was deleted.

27 described allows applications of graph mining methods and kernel methods for ranking,
28  clustering and classification of nodes(parents) and vertices(crosses) in a graph model.
20 Furthermore, graph models allow for application of methods such as link analysis
270 (Harper and Harris, 1975) and algorithms such as PageRank (Page et al., 1999) that were
2nn originally developed for Social Network analysis. These methods would provide new
222 methods for predicting the weight/value of an unobserved vertex(cross) from existing
213 cross networks (Park and Yook, 2014) (Figure 4A, 4B), with or without leveraging genetic
27+ marker information.

275 This type of analytics opens up extensive possibilities for breeders, and will also
27s - allow integration of data across different experiments- that are partially overlapping
277 across time and geographies(Simko and Pechenick, 2010).

278 Furthermore, these algorithmic applications allow development of learning-systems
27o  through iterative cycles of prediction& observation during breeding.
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B1

B2

B3

A

Figure 4. A. Incomplete network graph representation of observed breeding crosses B.
The complete network with the unobserved vertices shown as dashed lines, representing
predictions

20 3. Introgression in Breeding : Applications of Mathematical Optimization &
2s1 Shortest Path Algorithms for machine learning

282 Marker assisted selection applications (MAS - MARS) have a long history in crop and
23 animal improvement (Ribaut and Hoisington, 1998; Lande and Thompson, 1990; Haley
2.« and Visscher, 1998; Ribaut and Ragot, 2006). Despite the high hopes of the breeding
255 community to apply MARS for multiple traits simultaneously for multivariate index
286 selection, the method’s dependency on very large sample sizes to achieve sufficient
2s7  efficiency (Lande and Thompson, 1990) have restricted its use and limited its success.
s In fact, literature reports on theoretical efficiency of multi-trait MAS are scarce and
20 the theoretical limits of efficiency were not empirically tested and published until 2010
200 (Togashi and Lin, 2010). Togashi and Lin examined the effectiveness of five different
201 selection methods under 72 scenarios. They reported that an index consisting of three
202 traits which are controlled by 40, 50 and 60 segregating loci, respectively, each with two
205 alleles would require 3%0 x 3%0 x 3%0 = 3.7 x 107! different kinds of aggregate genotypes-
20 Which arguably can not all be available in the standing population under selection- and
205 led to the acknowledgement that MAS applications for low heritability, high complexity
206 phenotypes are practically not feasible.

207 The most important and historically most successful application of MAS in breeding
208 is for backcross-introgression of a single high value locus- such as a transgene, into
200 New genetic backgrounds, that is also known as MAB for Marker Assisted Backcrossing.
s00 In MAB, the objective is to introgress the target region to a new genetic background
50 with the minimum amount of linkage drag(Hospital, 2005). The very first and most
sz well known application of MAB is for the introgression of Bt gene into elite breeding
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s material(Ragot ef al., 1995). In MAB, foreground selection and background selection are
s« applied simultaneously controlling for the size of the introgression at the target as well as
s0s other potential introgressions from the donor to the recipient by maximizing the recipient
s0s allele recovery across the background, respectively at each generation of backcrossing.
so7  For a review of early applications and successful examples of MAS and MAB see (Collard
s0s  and Mackill, 2008) and the references therein.

309 The practical problems that needs to be addressed for improvement of preexisting
si0  varieties is based on the idea of routinely generating rationally driven combinations of
su functional genetic variants (Wallace et al., 2018) in a target background. The task is the
sz same as it was defined in MAS several decades ago, however the scale and efficiency
sz needed to increase. In natural evolutionary processes, there are two complimentary
sia processes recognized for their efficacy in rapid creation of genetic novelties: hybridization
a5 and introgression. In crop breeding however, due to its often unpredictable outcomes,
sis  hybridization is often avoided, and introgression is preferred.

317 Here we suggest combining controlled hybridization with subsequent recurrent
s1is selection to increase the speed and scale of the process, leveraging mathematical
s10  optimization(Evans, 2017) and shortest path algorithms (Festa, 2019). Assume that
s20 We are staring with a collection of 5 individual elite varieties, each of which posses 10
sz2 favorable haplotypes for a total of 50 loci to be combined in one background. Assume
s22 that the ranking of each haplotype for each locus in the recipient background is also
23 available. The task is to maximize the individual locus haplotype ranks while minimizing
2« the number of crosses to be made and the number of progeny required per cross.

325 We would start with evaluating the pairwise genetic relatedness between the
226 recipient and the donors, which can be visualized as a network graph, where the nodes
27 are the individuals and the vertices are a measure of genetic relatedness between the
s2s individuals. Each node has 10 unique alleles/loci to contribute, including the 10 that are
520 Unique to the recipient.
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Figure 5. The graph model network of genetic relatedness between the donors and the
recipient described in Section 3

330 To avoid the unpredictable outcomes of hybridization (non-linear responses), the
s first step would be the identification of the closest pairs, which would maximize the
sz linear response outcomes in the hybrid. In this example, it will be g, the distance between
s:3 A — B pair and &, the distance between C — D pair. An AB F1 will have all the favorable
s alleles from both A and B as heterozygotes in the cross. Similarly, a CD F1 will have
s3s  all the favorable alleles available. That is a total of two crosses. Now lets cross ABxR
ss  and CDxR . Next we cross ABRxCDR allowing all 50 alleles to segregate in the ABRCD
s7 population. ABRCD population will contain any number of combinations of alleles at
s3s  the 50 loci of interest would be equivalent to an F2 population, in relation to any one of
30 the parents.

340 We can then evaluate the available progeny for their allelic composition, and identify
s a number of progeny to be back-crossed to the R parent. We continue backcrossing
s2  hybrids to the R parent, until the introgression size at each of the 50 loci is reduced to
ss under 1 cM. In other words, the genome is all R minus 40 cM of introgressions.

344 Note that we have not yet made a selection based on ranks at each locus, just created
us a diverse set of introgression lines, that can realize any number of possible combinations
us Of alleles across the 50 targets. Next, we rank each of the available progeny for their
u7 predicted values across each of the loci, and pick the ones that scores the max.

348 That is 4-5 generations of crosses, for population development (two for hybridization,
s 2-3 for backcross introgression).The algorithm described above can easily be applied to
;0 larger number of donors and larger number of loci. The time to complete hybridization
51 in number of generations will be x , where number of donors N = 2* Number of back
;2 crosses required will be proportional to the total size of the introgressions measured as
;3 percentage of the genome. The larger the sum of all introgressions, shorter the number
s« Of generations to completion.
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1/12:1/12 : 3% :1/12:1/12

1/24:1/24 :5/6:1/24:1/24

Figure 6. Each generation of crosses described in the scenario in section 3 of the
manuscript. At the end of each generation, the expected genomic contribution of
each parent is listed under the nodes. A total of 5 generations of crosses shown, at the
end of which the expected value of genomic contribution ratio for each of A, B, C, D each
are 1/24th while R is 5/6th. The variance around these expectation can be estimated by
simulations

When a large collection of individuals(thundreds of thousands) in a breeding
population are considered, the path defined above to a fully stacked line, can be evaluated
by using algorithms such as gradient descent in neural networks. The algorithm will
need to go through iterative cycles of identifying crosses that carry favorable alleles to be
combined but are otherwise most similar to each other in overall genetic composition,
followed by GEBYV calculations for the resulting progeny, and ranking of the progeny for
their potential to carry maximum number of favorable alleles going into a back-cross. It
will then evaluate every progeny generated as a result of the back-cross process for its
GEBYV and provide rankings to be advanced to the next generation of back-crosses.

In simpler terms, this is an iterative decision process, where in each step, most closely
placed pair of lines are selected, and used for creation of cross, and the F1 of that cross
is crossed again to the next closest line that is available in the network, until sufficient

d0i:10.20944/preprints201903.0115.v1


http://dx.doi.org/10.20944/preprints201903.0115.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 March 2019 d0i:10.20944/preprints201903.0115.v1

Version March 6, 2019 submitted to Crop Science 15 of 28

ss7 hybridization is achieved, and then the resulting lines are cleaned up and ranked for
sss  most favorable combinations.

369 This approached was utilized in an unusual product development project by
so - Syngenta (Ritchie ef al., 2017). Briefly, one of the coveted maize products developed
s that carry an over-expressed transgene for Vip3A protein that was shown to confer
sz insecticidal effects resulting in chewing insect resistance with no negative impact on
sr3 the hybrid productivity phenotypes. However, later on it was revealed that Vip3A can
s cause decreased male fertility in certain inbred maize plants under normal growing
srs - conditions, creating issues around parent line maintenance, and hybrid seed production.
s7s  In a multi-year, multi-environment study, nine QTL across various locations across the
s77 - genome that create this male sterility phenotype has been identified. The research team
srs  then utilized the hybridization:backcrossing approach described here to develop an
s7o  introgression plan for introgressing these QTL back into a large set of commercial line
ss0  parents in development to mitigate any potential fertility issues (Ritchie et al., 2017) .

381 This type of iterative decision making tasks are what machine learning and deep
;22 learning algorithms excel at, and there are a variety of algorithms that can be used for
ses  identifying the shortest path that will traverse through a predefined landscape. A few
ssa  examples of such machine learning algorithms are gradient descent(Fedoryuk, 1989;
sss Smirnov, 2010; Ruder, 2016) and Voronoi diagram methods with applications to 1-NN
sss  clustering (Sebastiani, 2002).

ss7 4. Variety testing trial design and advancement decisions

388 Successful breeding for new cultivars involves understanding the expected
;0 conditions in growing regions and the crop adaptations needed to meet these
30 expectations. To ensure the alignment of cultivar characteristics and expected growing
san  conditions breeding efforts seek information from both to guide breeding decisions
32 about trialing, parent selection and progeny selection. The standing variation in existing
33 domesticated cultivars drive the decisions around where to get the useful genetics and
s« climactic adaptation information. For instance, the effects of geographic variation and
ss isolation on cultivar genetic variability can be illustrated by the variation in Peruvian
sss highland maize cultivars resulted from cultivation by Andean farmers in a wide range of
se7 conditions (Ortiz ef al., 2008; Grobman, 1961). The management practices unique to the
ss  Moray plateau region in Peru, i.e. terraces designed as con-circular depressions that vary
s99 in depth and orientation with respect to wind and sun resulting in temperature adaptive
a0 differences of as much as 15°C (Wright et al., 2010) are considered one of the marvels of
w1 ancient agricultural engineering, and is postulated to have contributed to the high levels
w2  of genetic variation observed in Peruvian landraces (Ortiz ef al., 2008; Grobman, 1961).

403 Modern breeding programs for field crops conduct field trials along the different
ws  breeding stages increasing the number of sites as they progress in the cultivar selection
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a5 pipeline (Cooper et al., 2014; Byrum ef al., 2016). Ideally, these multi-environment trials
ws (METs) are in the regions where the cultivar is expected to be adapted by matching
w7 climactic properties of a trial site with the location-of-origin climactic properties of a
ws new variety (Kang, 1997).This process seeks to ensure that when new cultivars are made
a0 available to farmers, they are adapted to a region often defined as the target population
a0 of environments (TPE) (Loffler ef al., 2005).

au 4.1. MET inference

a12 Information collected with MET is the result of statistical analysis of agronomic field
sz experiments following well-established principles of experimental design in the form
sa  Of statistical inference, to develop descriptive statistics. Over the years better access
a5 to computing power and statistical methods enhanced the information obtained from
ss  field experimentation. For instance, with the widespread introduction of mixed linear
a7 models(MLM) in the 1990s it became possible to consider cultivar performances as
sz random effects, widening the inference space of BLUPs and making possible to model
ao  spatial trends within the field that often challenge implicit assumptions of the trial
a0 designs related to residual independence.

a21 More importantly, MLMs makes it possible to dissect genotype by environment
a2 interactions (in form of matrices) after considering the main effects of the genotypes and
«23 environment. For example, Additive Main effects and Multiplicative Interaction (AMMI)
s22 model is an analytical tool to interpret G-by-E based on the spectral decomposition of
a5 GXE effects captured. However, using these descriptive results as the main basis to make
a6 decisions on newly developed material and data is a risk due to sampling bias (Crossa
a7 et al., 1991) leading to important interactions from a single environment with unique
w28 conditions being overlooked. Also, these methods are often based on classification of
a0 labels in a discrete fashion where each trial is treated as a combination of factors that can
a0 be summarized by a combination of location name and year. This crude classification
s approach makes it difficult to make comparisons between trialing networks where
sz regions from multiple season from different countries are included, and complicate the
a3 inferences for understanding the biological basis of cultivar adaptation.

assa 4.2. Mechanistic/ Deterministic modeling

a3 Some of these limitations addressed by using crop growth and development
s models structured on crop ecophysiology principles quantifying phenology, biomass
ss7 accumulation, and partition. This framework allows the integration of agroclimatic
ss  conditions, crop management practices and genotypic information (Messina et al.,
a9 2010). In the context of breeding programs, phenotypic differences between genotypes
w0 can represent genotypic coefficients(Lecoeur et al., 2011). These coefficients can be
a1 derived from phenotypic measurements on cultivars and traits, enabling generation
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a2 of cultivar specific predictions in the context of alternative management practices and
a3 seasonal conditions. Sinclair et al. 2010 (Sinclair et al., 2010), used crop simulations to
aas  evaluate the impact modifying soybean cultivar characteristics associated with drought
ws  tolerance in different US soybean producing regions at 30 km resolution. Cooper et al.
ws (2014), illustrates an example of ten corn hybrids for the 2012 season based on the
a7 characterization of drought tolerance traits according to the methodology described by
as  Messina et al. (2010). One of the main limitations to this approach is the throughput
ae and accuracy of phenomics: collecting precise phenotypic information to estimate these
o model parameters require specialized training and is resource intensive. This makes
ss1 it difficult to generate extensive training datasets for subtle variations. In addition, a
sz deterministic model might fail to capture hidden interactions between environmental
ss3 factors, or sufficiently compensate for innate probabilistic nature of the biological
a4 Processes.

s 4.3. Predictive Analytics framework

as6 In the last decade, one field after another has been influenced by the emergence of
w7 Predictive Analytics. At its core, predictive analytics involve using datasets generated
sss  from activities such as product development or a research program in fields ranging
s from marketing to medicine to gain new insights to improve them. It uses advanced
w0 mathematics and statistical computing algorithms to represent trends, identify complex
w1 patterns and forecast trends (Dinov, 2018).

a62 This transformation is largely driven by access to computing resources and more
w3 importantly by access to machine learning and optimization techniques in a wide variety
s Of platforms. Among the predictive analytics approaches supervised learning systems use
s a training dataset to find patterns and trends in complex datasets (Jordan and Mitchell,
ass  2015).

a67 Predictive analytics approaches in contrast to traditional research programming
ss approaches could have a critical role in improving the understanding of genotype by
w0 environment interactions, gaining insights into cultivar stability across environments
a0 and using this information to guide decisions in breeding programs. Traditionally a data
ann set is collected from MET, and a generic statistical model is used to generate an mainly
a2 descriptive inference about the cultivars under evaluation. Alternatively, data collected
a3 from these trials can be used as input in the biophysical crop model along quantitative
s seasonal conditions information, and after calibration predictions can be generated on
ars  expected performance under untested scenarios (Cooper et al., 2014). The predictions
ars - can further be extended to untested varieties, via applications of Bayesian models that
a7 would leverage allelic composition similarity as opposed to line-id in such a model.

478 This proposed approach uses cultivar phenotypic information from MET trialing
s7s networks in combination with environmental conditions to train new classification rules.
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w0 These new classification rules can then be applied to generate predictions for tested
w1 varieties” expected performance in TPEs. This approach has been widely used in studies
w2 of ecology and biodiversity and was used to predict species diversity distributions based
a3 on bioclimatic variables.

484 Bioclimatic variables characterized at a resolution of 1 km? global raster have been
ses  cited or utilized in more in more than 14,364 studies according to citation analysis from
ss  Google scholar for Hijmans ef al. (2005). These datasets are often used to extrapolate from
a7 a site where a species of interest has been observed, to where else it may be found, using
ss  a machine learning framework (Ferrier and Guisan, 2006). There are a few examples of
a0 how this framework may be applied in breeding programs. Using datasets from multiple
a0 years of field trials, Zhong et al. (2018) combined machine learning techniques and robust
a1 optimization methods to identify soybean cultivars for a candidate environment.

492 Expanding on this approach Marko et al. (2017) compared multiple machine learning
w3 methods in combination with local and global optimization techniques to identify
s portfolios of cultivars adapted to target production environments.

405 To use this framework in breeding programs implies making changes in how cultivar
a6 Mmetrics are evaluated. One is to consider adaptation as a probabilistic forecast. So instead
a7 of asking for a measure of central tendency often in the form of yield estimates with a
s confidence interval for an environment, it would be possible to ask what are the odds
a0 that a certain cultivar is adapted to a certain environment. This modification facilitates
so0 using new methods of analysis and performance metrics (Hofman et al., 2017).

501 Then the challenge is how adaptation is defined if we consider it as a binomial
sz outcome. In species distribution research, adaptation is often defined in binary terms,as
s03 presence or absence. In a breeding program, that question can be restated as whether
so« a cultivar is more productive than another cultivar defined as a standard check. This
sos framework allows integrating cultivar performance with specific environmental variables
soc and creates training and validation datasets linking MET and TPEs, facilitating the
so7 introduction of predictive analytics techniques.

508 There are two main drivers for development and application of these methodologies
soo in crop improvement. The first one is its application to selection of variety testing
s.0 networks, and the second is the identification of new geographies where existing material
s can be suitable.

512 Global climate classification schemes aim to identify distinct climate types and map
s13  their geographical extents. By discretizing a multitude of local climates into a manageable
s.s  number of climate types, we can simplify comparisons and allow ease of interpretation.
sis For these purposes, BIOCLIM* was created (Fick and Hijmans, 2017); this resource is a

4 See http:/ /worldclim.org /version2
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si6  currated set of spatially interpolated monthly climate data for global land areas at a very
si7 high spatial resolution.

518 Commercial varieties are often developed with the directive for maximizing
s10  profitability. Therefore, it is often a commonly requested task to evaluate suitability of
s20 an existing variety to new geographies that define new markets. These experiments are
sz1  often carried out by leveraging geoclimactic condition matching classifications between
s22 METS and TPEs as was described previously.

523 With the advent of climate change creating potential disturbances and redefining
s22 boundaries of the relative maturity zones for many crops, this process has become
s»s relatively unreliable if based on short-term environmental trends. It has become
s26  crucial to collect and leverage high resolution long term geoclimactic-records to drive
s27  this process(Atlin ef al., 2017). More than ever, it is now crucial to characterize and
s2s re-characterize maturity zones for their compatibility with existing varieties.
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Figure 7. Classification of North America and East Asia cropland according to
temperature seasonality variability (BIO4 variable from BIOCLIM). http://worldclim.
org/bioclim

529 Testing effects of inclusion of geoclimactic features in predictive modelling of
s30 phenotypic performance across geographies, bioclicmactic parameters from bioclim
ss1 have been used as features in machine learning algorithms across geographies (Martin
sz unpublished, Figure 7). In an Arabidopsis thaliana case study (Ersoz, 2019) it was reported
s33  that inclusion of the environmental features into a Random Forest prediction model
s.  together with genetic features found no conclusive trends, since for some phenotypes
s35  there was increase in prediction accuracy and at yet for others, a decrease was observed.
s3  This was postulated to be due to the direction of the GxE parameters (un-adapted versus
ss7 well-adapted GXE combinations) that was not explicitly controlled in the model. More
s3s work is needed to develop these models and evaluate their efficacy in crops.

539 Advancements in this exciting area requires not only private and public investments
ss0 but also opportunities to access datasets from large MET network breeding and farmers
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sa1  organizations for public research and training. In recognition of this necessity, Syngenta
s.2 has been coordinating an annual crowd-sourcing analytics challange in partnership with
a3 the Analytics Society of INFORMS since 2015. Examples of methods developed in these
saa - contests, known as Syngenta-Informs Challanges are Marko ef al. (2017) and Zhong
sas et al. (2018). More funding, public and private, and more data would enable future
ss6  iNnovations in this domain, as well as training of domain experts that can apply these
sa7 - methods.

sss 5. Machine Learning for Sustainable Agriculture

549 In addition to the geoclicmactic variables mentioned in the previous section (Figure
sso /), there are many other publicly available data resources that can be leveraged to
ss1  evaluate various characteristic of cropping systems versus geographies.

552 For example, USDA- Economic Research Service °

compiles and distributes annual
ss3 data for land use and farm land utilization and management practices across the US
s« such as crop rotation and average reported yield per crop. USDA Pest Information
sss Platform for Extension and Education (PIPE)® collects and distributes pest and disease
sss data from across north america. National Centers of Environmental Information division
ss7  of National Oceanic and Atmospheric Administration (NOAA), collects and distributes
sss  drought monitor and extreme climate event data’ and there are many others, that are
s t0o numerous to cite here. We will refer to this collection of repositories and data as
seo  biogeoclimactic data for ease of reference.

561 Biogeoclimactic data can be compiled in such a way that each data layer, anchored to
sz geographic coordinates, may be treated as different layers of an image. Such restructuring
sss and compilation of this data would enable use of Convolutional Neural Networks
sss  (CNNSs), a tool designed for analysis of such layered data by developing ML models.
sss 1hese models can then be leveraged not only to fine tune classification of adaptive
sss region definitions for existing varieties, but can also be leveraged to forecast suitability
se7  Of existing varieties based on changing bioclimactic conditions (e.g. What is the expected
sss performance for variety X in geography Y?, or what is the expected performance of
seo variety X with climactic parameter set Z?). These models can ultimately be used for
s making management recommendations for optimizing on-farm management practices,
s for increasing sustainability of agriculture and to improve margins for the growers.

572 Another potential approach to modelling biogeoclicmactic effects for crop
s73 productivity is using the data without the discretization, on a continuous scale.

5
6

https:/ /www.ers.usda.gov/data-products/data-visualizations/
http:/ /sbripmpipe.org/cgi-bin/sbr/public.cgi
7 https:/ /www.climate.gov/maps-data/data-snapshots /data-source-drought-monitor
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s7+  Continuous scale modelling would allow capturing influences of extreme-climate events,
s7s  1.e. droughts, floods, locust years, etc. without smoothing them over as regional averages
st or discarding them as outliers. This can be achieved by Recurrent Neural Network
s77 (RNN) Modelling, as these models seem to capture properties of such extreme weather
st events (Saha and Mitra, 2016).

s7o 6. Discussion

580 In this review, our objective was to present an overview of the current and potential
ss1 applications of predictive modelling with machine learning for its applications to
ss2  contemporary crop breeding and improvement. We started by emphasizing the fact that
ss3  CrOp improvement is inseparably tangled with geoclimactic adaptation, followed by a
ss« discussion on available tools and strategies for predicting unobserved phenotypes under
sss  various conditions to accelerate and inform variety development efforts.

586 We have also discussed leveraging bioclimactic classification methods and long term
ss7  geo-climactic data to inform variety development and placement as well as generating
sss forecasts for crop productivity under today’s rapidly changing environmental conditions.
589 We did not discuss genomics and biotechnology applications of ML & Al relevant
so0 to breeding such as gene editing target identification, gene and allele discovery, or
so1 leveraging crop-wild relatives for variety development. To do these topics justice, a
sz separate article would be warranted.

593 We also have not discussed the fine details of algorithmic and methodological
soa complexity of applications of machine learning approaches, since we are of the opinion
sos that such discussions would best be included in an actual investigation study rather then
so6 A review ms.

597 Our intention was to keep this review focused on providing examples for how ML
ses and Al can help improve breeding logistics and operational challenges, thereby rate
soo  Of genetic gain in breeding programs for accelerated variety development. We have
00 also presented a case for leveraging this data and methods for enabling sustainable
sor agricultural practices by redefining and forecasting adaptive variety and management
02 recommendations for farmers.

603 We hope that the examples we provided here would serve and inspire the community
s« to develop and apply these novel models and methods in crop breeding in the near
c0s future.
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