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Assignment Tests for Genotype Classification

Aims of this presentation:
* Introducethe useof assgnment tests for classfication of unknown
genotypes against aset of gven“reference’) genotypes

* Examplesfrom sugar beet varieties (2n, 3n)

- 252t of 8 varities and candidtes (20planes per sccesson)
- AFLP sSRand Caps dsmsars

o
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o

ty Identification in Sugar Beet Va
Used Methods

High genetic variation within sugar beet varieties hampers relisble
classification procedures independent of the type of marker technigue
‘applied. AFLPs, SSRs and CAPSs marker datasets in & sugar beet varieties
were subjected to
(i) supervised dlassifiers:

+ methods in which individual assignments are made to predefined

classes.

(i) unsupervised dlassifiers:

* defined afterwards on the simiarity in marker composition from

sampledindividuals. [ —
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Sugar Beet Varieties
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Variety Identification in Sugar Beet Varieties
Assignment 10 most similar plants
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Variety Identification in Sugar Beet Varieties
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ty Identification in Sugar Beet Va
Conclusions

Assignment tests showed o higher consistency across classifcations
independent from the marker technique

A go0d allocation to the proper variety was obtained, together with @
reliable allocation pattern among the other varietie. Both aspects deal with
the variation withina variety and the distance o other varieties

Assignment data were transformed into an average similarity measure
Similaity by assignment (Sa,,) which is a new genetic ditance measure

with interesting properties
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Conclusions

(52,,) is2new genetic distance measure with interesting properties

* Sa,,ishighly independent of the mrkertechniqueused

+ Sa,, matricescaiculatedonthe samemarker techriquebik usnga
Gifferent simierity measure werein goodagiesment

+ The scalesndscopes forSa, digancesmeastred may be values
relativelyinsensive to the degreeofpolmorphiam of the marker
techniqueused

+ The leveisof disinction betwesnvaristies obtainedwere much higher
(1., hgher number of plrts s assgned correcth)

+ The meastre produced comparableresuiwhencalcuisted using different
numbersof best assgred plarts
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Results and discussion are based on statistical techniques developed n:

* DeRiek),Calsin, Everaert, Van Bockstaele & De LooseM (2001). AFLP based
altematives for the assessment of distinctness, uniformity andstabilty of sugar
beetvarieties Theor Appl. Genet. 103:1254-1265.

‘Alsoreported iy BMT/6/3 Angers, France, Marchto3, 2000

* DeRiek ), Eversert |, Esselink D, Calsyn€, Smulders MM & Vosman 8 (2007)
~Assignment tests or variety dentification compared to genetic smikrity-based
methods using experiment datasers from different marker systems insugar
beet,Crop Sci 47:1964-1972
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Assignment Tests for Genotype Classification

+ Assignment testswithcombination of canonical discriminart analysis
* Exampleinwildrosepopuiations di- & polyploics)
- forspeciestaxanamy
- AFLPandssR datmsats
* Exampless lentillandraces and locslvarietiesfrom Morocco.

- combinationwithsgronomical ks

- ApLPandssRdamsats
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An example from rose taxonomy

Here, we combined assignment tests (De Riek et al, 2001, 2007) with canorica!

discriminant analyssusing SPSSto obtainstructured ordinations.
Firt, an assignment table was produced, which showed for each specimen
under evaluatonthemost related set of species.

The assignment values were taken 25 input to @ canonical discriminant analysis,
targeting the classification towards membership of taxonomical sections,
Subsections (dogroses) or species. The independent \arizbles were entered
Simultaneousiy. The coveriance matrix within groups was used for the
ordination; prior probabilfies for Ciassification were computed from the group.
Sizes. Ciassfications were based both on case-wise results, and on the leave-

one-outmethod.




image15.png
Assignment test scheme
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Moroccan local lentil landraces and cultivars

‘Assignment of genotypesto thegeographic locations of landrace collection site
or cultivar wastested using the assgnment table combined with canorical
discriminant anaiyss (De Riek et al. 2001, 2013) using SPSS-Scatstics 2t0
displaygeneticvariation

ForSSRs, arankingof the 100 most resembing genotypes (single plants) per
individualwas made, and pas of genotypeswithchi-square distance above 7
were excluded.

For AFLP, 3 ranking o the 100 most resembling single plants per indvidual was
made whereby pairs of genctypeswith Jaccard s similarity index below 0.25.
were excluded. This allowed producing assignment tables showing for each
‘geographic location of landraces or varieties the most-related single plants.
‘Assignment tables were then used as nput filesfordiscriminant analysis in
‘order o dlassify the genotypes according to the type of their origin, cycle
duration and eariy growing vigor.
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(45.4% of the totalvariation)

Discriminant analysis based on landraces agro-environmental origins
using combined data sets (SSRs, AFLPs and agronomical)
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(7% of the totalvariatin)

Discriminant analysis based on landraces cycle duration using
‘combined data sets (SSRs, AFLPs and agronomical)
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(24.2% of thetotalvariation)

Discriminant analysis based on landrcaes early vegetative vigour using
‘combined data sets (SSRs, AFLPs and agronomical)
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Assignment tests combined with
canonical discriminant analy:

These additional examples are taken from:
* De Riek ), DeCock K, Smuiders MM & Nybom H (2013). AFLP-based popuiation
Structure analysisasa meansto validate the complextaxonomy of dogroses:
(Rosa section Canine), Molecuiar Phylogenetics and Evolution67: 547-559.

* 1drissi0, UdupaSh, HouasiC, De Keyser €, Van Damme & De Riek) (2015),
‘Genetic diversity anaiysisof Moroccan lenti Lens culinaris Medik ) landraces
using Simple Sequence Repeat and Ampiiied Fragment LengthPolymorphisms.
revealsfunciionl adaptation towsrds 3gro-environmenta! origins Plant Brees,
136322332

o
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* Some personalspecuations for DUS testing
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Some personal speculations for DUS testing

Observations

Assignment based measures gave more elizbleclassfications in heterogenzous

(polyploicy) sugar beet hybrid varieties

* More balanced asthegenetc distancesare averaged becauseof the
allocation pattem over the “best friends’”

* Highly independent of marker technique used

* Supervised classfication outcom petesstraightionard clustering etc

Speculations

* Adatabasereledmeasireassa, isbetter towork witha setof reference.
Varietiesinsteadof e.. thelaccard or Neigeneric measuresdirectly

+ itcan deslina moreconsistent way withthe shft of standards over timeas.
the aliogstion pattern among thetested varietiescaneven betakenasa
running yardstick
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Some personal speculations for DUS testing

Observations

~Assignment tests combined with canonical discriminant analysis can

+ starting fromgenetic data, classify genotypes according to taxonormical groups.
(phylogeny), regional orgin, plant performance

+ identify unknown genotypes by placing them in3 existing classfication. In s
recurrentuse t appearsto beasef leaning system thatcan finaly leadto @
clear<utordered solution

Speculations

+ Itcan be usedtotest a validgenstic “background underlying atrait

* itcan makean estimate of the degre=of suchgenetic background

+ Itcan breakthe trianguiar relatonship” observedbeweentrait based

classifications andgeneticdistancemessires
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Discriminant analysisfor flower color in Chinese Camella retculata
based on AFLP data and visual scores.
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Function2

Discriminant analysisfor flower color in Chinese Camella retculata
based on AFLP data and visual scores.
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