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University of Florida … turn of the century

Jim Specht
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Dorothy Haskins and Charles E. Bessey 
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Butterfly effect… all started with Jim inspiring a grad student



Is there a need for an AI enabled breeding?

…beyond operational effectiveness initiatives



Long-term 
selection in maize
Plant Breeding is a very 
successful enterprise

Preliminary answer 

…may be NO


But maize breeding is expensive



Predictive models 
Global data hungry 

  
Local knowledge rich

↓

AI enabled Breeding

Experimentation 
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3 Phenomics
Labor intensive data 
collection
Robotics and 
platforms
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Use AI to enable AI
Tech support to 
breeders

Use of LLM to 
enable breeders 
with AI tools

$



Dimensionality 
  

Information content 

 

Emergence Complexity 
Properties of the system that the parts don’t have and 

result from their interaction


 

Upward and Downward causality 

m ≫ p

H = − ∑ P(x) × log2 P(x)

dp
dt

= f(p, m)

Prediction Problem

Troublesome to assign causality that 
increase prediction uncertainty (  )rM

a



Molecular biology

Science of the Plant
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Breeding

Science of the population and systems
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Organismal Science

Science of the Crop

xt+1 = k1xt(k2 − xt)

Transdisciplinary science problem: Semantics to enable convergence s



ΔG
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σT
a

Average predicted response to selection over ALL environments (one cycle of selection)
Standardized selection differential (1%, 5%,…)

Square root of the additive genetic variance in the target population of environments T

rM
a

rM,T

Prediction accuracy of the model trained with phenotypes determined by the mixture 
of environmental conditions sampled in multi-environment trials (M)
Genetic correlation between the multi-environment trials (M) and the target population 
of environments (T)

ΔGM,T = iM × rM
a⏟

× rM,T
g × σT

a

Why it matters? 

(Rate and Uncertainty)
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For the current reality, linear models work 
for linearized systems (  is large)


Expect a change for cropping systems that 
support a Circular Bioeconomy


rM
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Why it matters? 

(Rate and Uncertainty)

For the linearized systems of today, the correlation between 
training and testing environments    is high


Change in climate extremes and cropping systems, may 
lead to much lower 
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CGM-GS  
Framework for 
abductive reasoning 

( ̂μ
ĝ) = (1′￼n1n 1nX

X′￼1n X′￼X + Iλ)
−1

(1′￼nΩ̂

X′￼Ω̂)

dW
dt

= Pm(1 − e−Q⋅PAR⋅(1−e−k1⋅W⋅κ)) ⋅ f(θ) − k2 ⋅ W

dθ
dt

= k3 ⋅ R + kl ⋅ (θ − θ0) −
f(W) ⋅ (es − e)

Ω

Crop growth model-genomic selection

Would be World


Real system is not bijective


Inductive reasoning (sub symbolic AI) has 
limitations due to feedback and 
feedforward mechanisms that can lead to 
emergence


Harness prior scientific knowledge

Emergence: collective properties of a system 
that parts don’t have and arise upon their 
interaction
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System of equations can generate 
disorder in the form of recurrent but not 

periodic pattern and order in form of 
linear associations with dispersion
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Crop growth model-genomic selection

System of equations can generate 
disorder in the form of recurrent but not 

periodic pattern and order in form of 
linear associations with dispersion

Yet, it can generate order and stable 
realistic patterns, such as water use 

efficiency



CGM-GS  
Framework for 
abductive reasoning 

Artificial Intelligence
Deductive, Inductive and Abductive 

reasoning to solve the system of equations

Messina et al. 2018

P(Θ/D) ∝ P(D/Θ)
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Crop growth model-genomic selection

Definitions

Symbolic AI: Crop growth model

subSymbolic AI: Statistical learning

Bayesian methodology to estimate 
parameters given a set of data and a 
likelihood function (here CGM)



Phenomics (IoT)
Measure the state of the system at 

relevant points in time to allow 
estimation of parameters (physiological 

and genetic)
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H = − ∑ P(x) × log2 P(x)

Phenomics informed by CGM is crucial to 
create INFORMATIVE data sets


Limit issues with equifinality and 
estimability 



Phenomics (IoT)
Measure the state of the system at 

relevant points in time to allow 
estimation of parameters (physiological 

and genetic)

Environmics (IoT)

Monitor the environment to quantify the  
realized value of the random variables 

that are inputs to the system of 
equations (e.g. R)
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Crop growth model-genomic selection

Enviromics: soil, weather, management 
and other measurements of inputs to the 
model
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P(Θ/D) ∝ P(D/Θ)

Genomics

Methods to characterize the genotype 
of each individual in the training and 

prediction sets to allow estimation and 

prediction of performance ∫ f(x)dx
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H = − ∑ P(x) × log2 P(x)

Genomics informed by genetics, and 
germplasm is crucial to create 
INFORMATIVE data sets


Constrain solution space 



Phenomics (IoT)
Measure the state of the system at 

relevant points in time to allow 
estimation of parameters (physiological 

and genetic)

Environmics (IoT)

Monitor the environment to quantify the  
realized value of the random variables 

that are inputs to the system of 
equations (e.g. R)

CGM-GS  
Framework for 
abductive reasoning 

Artificial Intelligence
Deductive, Inductive and Abductive 

reasoning to solve the system of equations

Messina et al. 2018

P(Θ/D) ∝ P(D/Θ)

Genomics

Methods to characterize the genotype 
of each individual in the training and 

prediction sets to allow estimation and 

prediction of performance ∫ f(x)dx

( ̂μ
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Integrating symbolic (CGM) and sub 
symbolic (GS) provides the framework to 
inform Phenomics, Enviromics and 
Genomics.

Goal is to estimate parameter set
[Pm, Q, k1, k2, . . . , km, kl, λ, Ω]



Predictive accuracy using a Crop Model as the 
State Space generating function

Messina et al. (2022)  Journal of 
the ASABE. 65(3): 491-504.

2009-2014

7615 
hybrids 

Prediction skill ( )rM
a



Prediction accuracy differential ( ) increase 

with increasing system complexity

rM
a,+CGM − rM

a,−CGM



xt+1 = k1xt(k2 − xt)

Simple growth model 
 Estimate k2 for each genotype and predict phenotype
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Phenotypic space

Phenotypes vary with k1

Limited predictive skill 
even when phenomics is 

perfect


Rankings may be 
recovered


… but with limited 
resemblance of reality 


Difficult to separate 
(recall reduction in h2)

GBLUP by level of k1
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xt+1 = k1xt(k2 − xt)

Simple growth model 
 Estimate k2 for each genotype and predict phenotype
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Recover parameter k2 for each 
genotype

Predict Phenotypic  space for each 
genotype k2

Phenotypic space

Phenotypes vary with k1

k1 k1 k1

↓



Predictive breeding as model ensembles 

Ensemble 
mean

Expectation 
over 

Genomic 
Prediction 

models

Expectation 
over 

Dynamical 
Models

Expectation 
over a sample 

of gene 
networks 

NK



Diversity prediction theorem 

Diversity model (M) term

Ensembles of diverse models 
outperform any single model.

Model prediction 
ensemble

True



Neuroscience

Science of the brain

Psychology

Science of the mind

Objective and quantitative Subjective and holistic

System

Parts and Connections

System

Output & Behavior

Neuropsychology search for a unified theory of the brain and the mind

Perspectives I
Continue developing a New paradigm in AI enabled prediction

Mark Rothko Jackson Pollock

Emergence Crop Modeling reconciles order and chaos



Perspective II: Use AI to enables AI 
for breeders



Dynamical Bayesian framework (Crop Model 
+ Genomic selection—or variations) 

• Manage complexity


• Enable systems level thinking


• Crop design (and breeding for cropping 
systems)


• Breed crops at the right pace and the right 
place

Perspective III: AI enabled breeding that 
harness ensembles will have impact across the 
complexity continuum



Thank you for having me!


