Linking Phenotypic Models and
Genotypic Data

S («\) iPlant
.z’ Collaborative-



—!

Four modeling approaches (I)

0 General linear models that relate phenotypes to genetic markers

Used to find markers that may be close to genes that control
traits — i.e. does not require prior knowledge of relevant loci

Once mapped, markers can be used to predict phenotypes for
novel genotypes not used in analysis

GLMs are not mathematically efficient at representing GxE or
Gx@G interactions

o Ecophysiological crop models which relate phenotypes to
genotypes by fitting crop coefficients to different cultivars

Can predict phenotypes in novel environments but cannot
predict behaviors of genotypes not fit

Efficient representation of GXE interactions
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Representing networks as GLMs
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Four modeling approaches (II)

0 Ecophysiological crop models whose coefficients are regressed on
“candidate alleles”

Efficient representation of GXE and GxG interactions

Can make predictions for novel environments and novel
genotypes

Require relevant loci and alleles to be known ahead of time

0 Ecophysiological models whose coefficients are mapped to genetic
markers

Can be used to find regions (“QTL”") that bracket potentially
relevant genes

Can predict outcomes for new genotypes in new environments
Do not require prior knowledge of relevant genes

Efficient representation of interactions
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Genes + GLMs + crop models

BEANGRO +
regression eqns

Determine Trait % Var
genotypes
Seed yld. 31
Y Regress coefs.
on genotypes Seed wt. 5
Flowering 84
Measure traits Maturity 5
Max LAI 52
Fit model Canopy dwt. 36
coefficients :
Harvest ind.  Zero!
White & Hoogenboom, 1996 f,\\ iPlant
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Functional-structural models

Towards a 3-D genotype—phenotype model of rice

Lifeng Xu, Michael Henke. Jun Zhu, Winfried Kurth, Gerhard
Buck-Sorlin

do1:10.1093/aob/mcq264

S Annals of Botany, Special Issue, Apr 2011



G2P model
extender tool
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Example applications

O Given a gene network (G2P) model based on a few
lab strains, expand 1t to a large number of genotypes

O Given a ecophysiological model, convert it to a G2P
model by linking to candidate genes &/0 QTL (incl.
de novo detection of the latter)

O For any type of model, check for genotypic or
environmental dependencies of putative constants
that would signal model incompleteness or
inadequacy
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A parametric correspondence principle

Model

Some
numerical
parameter

Polymorphic

locus Range of values

in a set of
mapping lines

Alleles: Al...An 2.71...3.14

Phenotypes: Y1....Yn yl....yn : predictions
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A parametric correspondence principle

Model

Some
numerical
parameter

Polymorphic

locus Range of values

in a set of
mapping lines
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A parametric correspondence principle

Model
Some
numerical
parameter
Polymorphic
loczs P Range of values

in a set of
mapping lines

induces a
. < » 2.71...3.14
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A corr ndence her: M
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A parametric correspondence principle

Model
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o [5r5 numerical
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in a set of
mapping lines
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A parametric correspondence principle

S
No matter what \ M 0 d el

the model’s
mathematical
form !!! )
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Can be numerical
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A parametric correspondence principle

S
No matter what \ M o d el

the model’s
mathematical
form !!! )

Can be
interrelated by
regression

Polymorphic
locus

Category values
in a set of

mapping lines
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.\
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rather than
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A parametric correspondence principle

= \
No matter w,hat M o d el
the model’s
mathematical
form !!! )
Vs = aXB orS +u
Polymorphic T
locus Cat}egory values
in a set of
mapping lines
S
Association — the B, B, S,
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regression!!!!
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A parametric correspondence principle

marker F21M12
MSAT1.10
NGA248
T27K12
NGA128
F5114
. Marke'r near MSAT! 13
influential gene /1
Each column is an —
offspring produced
by crossing parent
lines B & S
A 4 v

A correspondence here. ..

A

Phenotypes: Yl....Yn
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A parametric correspondence principle

Phenotypes:

@
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Time series: mRNA’s Pl-lvironment

Dong, 2003

Where’s the
linearity?

O  Within networks
=  Epistasis is
totally trivial

»  Dominance is
easy to explain

»  But additivity is
a major mystery
that requires

mi Linearity &

i Is readily
disrupted in
transduction
cascades
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Quasi-linear regimes
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Tool aims

d";f(? — (= B-mCO+ rp CO- -(1 + rgCO-mGI)) TEMP
dmchZCA#betaF CA+betaF { VE)TEMP 0O  Make models in
dmthCI _ (- B mSOCI+ - rSOCT- mECA) a iJngle step
-(I+reSOCI- mCOTLIGHT)(1+rySOC 1 {ERYB LIGH T TEMFckt them
dmjf Y| MLEY 1.0/(1 + exp(=rpLFY-mSOCI - biasLF YY) statistically
\ Time series: mRNA’s Pl-lvironment
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Env rILHY = Aul + 1011 allele 1 + 1021 allele _ 2

set U

Env|  FILHY =1, + Py X allele 1t P2 Xoppere 2+ oo

allele

H,:u =u, and P = P, and p,, = P,

Test using appropriate statistical model

8 ‘ Model ‘ Predictions
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Statistical model of tool outputs

b-th (of B) resample || Mean resample Fixed Random line effects

estimate of model estimate of model environment
parameter “rh\o-;” parameter “rho-r” /effects V Error term
prb=pr+X9E ErZ BL Lr+8rb

A A

Incidence matrix for Incidence matrix for
environments used lines used in each
in each resample resample
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Architecture

Master

Goodness Parallelize
of Fit across trial
— L — solutions

Parallelize
across
resamples

N

Optimizer

Parallelize across lines
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Work flow I

- Web interface: iPlant

Executable
<:> Discovery Environment

Standard or

user !
Genotype, Model :>| Job script
Goodness |
Sum sq’'d err : :>. ini
SH of Fit .
Heritability >
Linear Parameters :)
@ Data
Constraints :} binaries
D | seripts
! gz
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Work flow 11

Web interface: iPlant
Discovery Environment

MLM test (=

Distribution of parameter
point estimates and
validation test of model
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Test cases

O Schmitt Lab

Wilczek et al. 2009 model applied to 266 A. thaliana ecotypes in 10
European plantings

Extended model applied to 2 plantings of 106 Col/Kas RILs + 10
plantings of 34 RILs

O 218 plantings of 2 wheat lines using
A gene network model of anthesis date

An extant ecophysiological model of the same trait

0 PGRI shade avoidance project — functional structural model
of B. rapa (Weinig, Maloof, Das, Welch)

O Cameacrista model (Singer lab)

@ F\) iPlant
.z’ Collaborative-



