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Polyploids and QTL analysis
Polyploids, markers and QTL
The first step: identify single/multiple dose markers
Marker Dosage
Current Methods
New method

A comparison

Challenges & proposed
research directions

multidose markers

Conclusions
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Sugar Industry

Seven major sugarcane growing areas in Australia
Breeding programs to develop specialised area specific varieties

Use MAS once markers linked to QTL are identified
|ldentify Quantitative Trait Loci (polygenes/regions ) affect

sugar content (CCS) and other production traits

smut (disease)

Challenges
sugarcane is polyploid (complex genetics)
QTL methods mainly developed for diploids not polyploids

Single dose markers act like diploid markers

CRC A Bayesian method to assess marker dosage & S I I B
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Currently

use diploid methods for single dose (simplex) markers
using simplex markers
marker maps
guantitative trait loci (QTL) identified
production traits: CCS, yield, stalk weight
diseases: smut...

published results worldwide mainly use simplex markers

Our Aim
better incorporate multi-dose markers

preliminary analysis suggests we’ll get better estimates

CRC A Bayesian method to assess marker dosage & S I I B
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Members of Andropogonene tribe
Maize, sorghum
But sugarcane has
much more complexity

much larger genome

O omemes
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P1P2

Dominant
markers +/-
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Parents

A Bayesian method to assess marker dosage
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Parents
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Haldane (1930)
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Expected segregation ratios for autooctoploids

1's for observed dominant marker (1+), O blank
segregation “ratio” is fraction of 1's
ratios of 1's:0’s for 1:0 parents (Haldane (1930))

Kk ratio W logit(w )
1 11 1/2 0.0
2 11:3 | 11/14 1.3
3 13:1 | 13/14 2.6
4 69:1 | 69/70 4.2

A Bayesian method to assess marker dosage




Chi squared

usual test of observed vs expected no. under theory on 1 df
Pros

well understood

easily computed
Cons

multiple testing (340 AFLP now but soon 2,500)

more interested in accepting H, rather than rejecting it

Binomial (Ripol et al 1999)
95% CI from Bi(no. lines, w,)
Pro: markers considered to be from distribution

Con: no allowance for measurement error

A Bayesian method to assess marker dosage



Model

Model all segregation ratios simultaneously
segregation ratios w, come from a mixture distribution
mixture of Normals on logit scale
each component corresponds to a marker dosage class
Posterior distributions
all parameters
post. prob. of each marker of belonging to a dosage class
estimates logit(ratios)
Can incorporate prior information

NB: EM possible too but not so easy as MCMC

A Bayesian method to assess marker dosage



missing data formulation

observe r, out of N;, z; is indicator variable of unknown marker dosage class

where

or

priors

add random effect for measurement error

where

A Bayesian method to assess marker dosage



Induces hierarchical model on logit scale

individual component distributions can be wider than Binomial

Alternate models
2 variance models (equal/unequal) X 2 random effects (+/-)

Vague & highly informative priors

MCMC
JAGS/BUGS for fitting
“missing data” formulation, z simulated

CODA for assessing convergence

Comparison of models
Deviance Information Criterion (DIC)
Bayes factors (Laplace-Metropolis estimator)
both methods not uniquely defined for “missing data” models

A Bayesian method to assess marker dosage



200 progeny per cross

432 AFLP markers l
344 with 0/1 parents l

A Bayesian method to assess marker dosage



Posterior prob of allocation

A Bayesian method to assess marker dosage



Hard allocation (max post. prob.) yields 100% alloc  ation
77 /18 /6 % in marker dosage class 1,2,3

but two dosages may have similar posterior probability

Alternative: use cutoff of 0.8 or 0.9

% markers classified

1 2 3 Overall
Chisquared |64 |10 |4 78.8
Binomial 66 |10 |4 79.7
*post p>0.8 |77 |13 4 94.2
*post p>0.9 (77 |11 3 91.8

Current * Mixture Model

A Bayesian method to assess marker dosage
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Constructing maps is very laborious/complicated

First step is to create linkage groups for each par  ent
use diploid methods for simplex markers
~ 100 linkage groups (laborious)

Strategies for forming homology groups

Currently use microsatellites & simplex-duplex (Aitken et al, 2005)

Other methods are to be investigated
duplex X simplex coupling/repulsion, SSRs, double simplex, dosage
Combining parental maps
possible?
QTL analysis

appropriate models for polyploid interval mapping vs single marker

A Bayesian method to assess marker dosage
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Existing methods use single dose markers for map cr eation

Do duplex and triplex markers provide information?

How much information?
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Using SSRs to combine linkage groups into homology g roups

can we improve on current method?
if we know dosage (SNPs)
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Mixture Model for Marker Dosage

Advantages

all markers modelled simultaneously

posterior probability of dosage for each marker

classifies more markers (objectively)
Limitations

all methods assume independence

usual mixture model problems

may exhibit convergence problems

difficulties in comparing models

Multidose markers
provide extra linkage info (in coupling)

challenge to extend tetraploid methods

A Bayesian method to assess marker dosage



Mixture Model
Simulation Study

increased no. lines
increased no. of markers
Better models/methods
feasibility of measurement error by Bernoulli mixture
investigate alternate DIC/Bayes factors

Assess usefulness of extra markers used for mapping/QTL

Other
incorporating multi-dose markers

methods for association analysis

A Bayesian method to assess marker dosage
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