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Methoden und Potenziale der Datenverarbeitung

Umsetzungsstrategien in Pflanzenbau
Pflanzenernahrung und Pflanzenzlchtung
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> Methoden der Datenverarbeltung =

1. Genomsequenzierung\NGS)

2. GenomischePradiktion (GP) :

3. GenomkEditierung(GH

4. Hochdurchsatzphanotypisierun@HTPP)
Im Feld undim Gewéachshaus

5. Modellierung(Machine LearningML)

~ 6. DatenintegrationSystembiologie
(GenomlhTranskriptomhProteomihMetabolom MhPhanom)




1. Genomsequenzierungsanger vs. NGS
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1. Genomsequenzierung

Nachwelsvon AIIeI-Fixierungen’m Gerstengenom
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1. Genomsequenzierungdaplotype calling

Locus5 =4 Genemit 28 SNPs definieren Baplotypen
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Die nestedassociationmapping (NAM)-
Population HEB25 bestehtaus1.420Genotypen
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Genetische Diversitat von 1.420 HEBhien,Barke

und 25 HEBDonoren geschatzt mit 5.72¥SELECINPs
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Der GWASManhattan BiPlot lokalisiert 8 Haupt-OTL,
welcheden Bluhzeitpunktin HEB25 kontrollieren
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11 PpdH1-HaplotypenzeigenallelischeVariation
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Trainingspopulation 2. Genomischdé’radiktion (G F)
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Jonas et al. 2013, Trendsotech
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2. Genomischéradiktion(GB: Vorhersagedes

I\/Iais—Ertragsmit SNP$Hzw. Metaboliten

DRYMATTER YIELD

Predicted GCA for dry matter yield (t/ha)
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GCA h&ca Wi 1§y lew s.d. gy le.g s.d. p-Coumaric acid Dopamine Lysine
Dry matter yield 089 073 074 0.78 0.07 048 060 0.11 10 .o ] ’
Plant height 0.95 0.72 0.70 0.72 0.06 0.52 0.63 0.10 5: . évo‘ %"‘
Q o Q6 :
Dry matter concentration 0.96 0.72 0.78 0.80 0.07 0.66 0.79  0.06 541 35 ) . g4 ;
Female flowering 0.98 0.71 0.80 0.81 0.06 0.67 0.80 0.07 : ‘ . i owiw R :
Starch content 093 073 070 073 007 059 071 007 T2 Evomosoma’ © °° T2 Gvomosoma’ © T2 Gvomosoma’ © 01
Sugar content 0.94 0.74 0.69 0.72 0.06 0.55 0.67 0.09 £ oepharlc ackd monommd! ester Aol : Tyrosing
Lignin content 0.82 0.73 0.72 0.80 0.05 0.50 0.64 0.10 3o i:; g
$ o8 S
Predictive abilities ry ) and prediction accuracies rs ) averaged over all cross-validation runs and their s.d. are shown $3e. £ 2ot $° . ” i
for models using either SNPE T TETaDOTTES. Femabmites of the predicted traits (3pp) are given as well as the re- 2o tag 4 g ; T ;
peatabilities of the used metabolic profile (wj) calculated as the weighted sum of the repeatabilities of the individual ° 0
metabolites (see Online Methods). 2 é"l 5678910 233456780810 23356780610
Riedelsheimeet al. 2012, Nature Riedelsheimeet al. 2012, PNAS
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2. Modellierun

Input dataset

Microarray data at
6 time points of
salt treatment

Raw data

¥

Preprocessing:
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'

Clean data

( 22,000 genes x
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Examples
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Model
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Table I. Representative machine-learning algorithms and R packages

Algorithms and methods Software packages in R

Classification

Regression

Clustering

Feature selection

Dimensionality reduction
Ensemble learning
Network analysis

Density estimation

Nearest neighbor methods, linear discriminant analysis, quadratic
discriminant analysis, logistic regression, naive Bayes classifier,
support vector machine (SVM), classification trees, neural nets
Least squares, linear models, ridge regression, additive models,
generalized additive model, nearest neighbor methods, regression
trees, project pursuit regression kernel methods, local regression,
splines, wavelet smoothing, Bayesian models

K-means clustering, spectral clustering, hierarchical clustering, self-
organizing maps, association rules, multidimensional scaling,
independent component analysis, local multidimensional scaling
Best subset selection, forward selection, least angle regression,
shrinkage methods: lasso, elastic net, group lasso, fused lasso, sure
independence screening

Principal component analysis (PCA), factor analysis, kernel PCA,
partial least squares

Boosting methods, bagging, random forest, additive regression

Gaussian graphical models, Bayes networks

Kernel density estimation

knn, knn1, gim2, kernsvm, svmpath, CART,
e1071, nnet, gcdnet, tree, randomForest,
sda, rda, penalizedLDA

Im, gam, knn, splines, locfit, mgcv,
polyspline, earth, cosso

Kclust, cluster, fastcluster, sparseBC, sparcl,
pvclust

Regsubsets, LAR, glmnet, elasticnet,
glmpath, gglasso, Sparsenet, penalizedLDA

pca, pls, mda, elasticnet, Ipc

Adaboost, randomForest, ada, adabag,
erboost, mart

bnlearn, JGL, GGMselect, lvgm, gRain,
gRim, gRbase

KernSmooth
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(Clustered Regularly Interspaced
Short Palindromic Repeats)

3. GenomEditierung(GBH

Die CRISPRas9

Cas9
SgRNA .
protospacer 3
5" -CACTCGACCAT
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Current Opinion in Plant Biology

a) Homologe Rekombination (HR)

b-d) Nichthomologe Endpaarung (NHEJ)

Puchta 2017CurrOp PlantBiol

1. Select genomic target
a. 20 bp sequence followed by the PAM (NGG)

b. Use online tools to minimize off-targeting

2. Design sgRNA

a. sgRNA is expressed using a small RNA
promotor, such as Uép or U3p

b. First nucleotide in the guide sequence is a “G",

if U6p is used, or an “A”, if U3p is used

c. Guide sequence should match the target,
except for the first nuclectide (5’ G or A) that
does not have to match

3. Assemble Cas9/sgRNA construct

4. Deliver to plants

a. Protoplast tranformation

b. Agrobacterium transformation

c. Callus bombardment

5. Regenerate and screen transgenic
plants for gene editing events

Genomic
target

... NNIN NN NNN NN NNN NNH NNRNNN GGNNNN. .
target sequence PAM
(20bp)

v
[ Us 2 uiio | sgANA basktone |
v

guide sequence
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G(N,;) sgRNA backbone

}

Assembly of
sgRNA and Cas9

Delivery to plants

Screening for mutants

I T 1
e v seqere 65
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Current Opinion in Biotechnology

Belhajet al. 2015,CurrOpBiotech
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3. GenomEditierung
Zunahmeder TomatenFruchtgrof3edurch
Variation derPromotorsequenzdes CLAVATA-&ens
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1. Yield traits
(tomato locule number/fruit size)

o @ QO
wild

species domesticated null mutation

2. CRISPR/Cas9
cis-regulatory mutagenesis

(> (P4 P
Multiplex design

Limited quantitative variation

3. Sensitized genetic screen

@ x

wild type

biallelic

transgenic

WT promoter targeting
inherited mutant allele

1
—
|
E*‘_

allele 1 =--------- allele 4
allele 2 —— - — - —_— allele 5
allele 3 ——M8 - ——— allele 6

4. Continuum of engineered trait variation
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Nanostaellites
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4. HochdurchsatPhanotypisierung im Feld
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Arauset al. 2018, Trends Plar8ci
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Gurrent Opinion in Plant Biology
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High Throughput Phenotyping

Accelerating Crop Breeding and Monitoring Diseases In The Field

I

L = = |
Phenotyping —*} Computation
Screen for: Inform:
Computer Vision / Machine Learning
Geographi ion System (GIS)
Algorithms
i I =]
15 |
Breeding Selection 4+— Analysis
Select for:

Analysis F
Big Data M
Training Mach
Building

Shakooret al. 2017,CurrOp PlantBiol
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4. HochdurchsatPhanotypisierung im Feld

RGB/CIKamerad h b 5 + L 0 Multispektral-Kamerao Bflanzenentwicklung
(Mono lenscameraADCLite) (SixlenscameraminiMCA®G)

(Microhyperspe®&NIR, (8-14 um
923bands 383:1000nm) -20¢ 200cC) Arauset al. 2014, Trends Plargci
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AgRovefVersucheHalle 2016, HER5
AgRover HEBZ25

™
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Bestimmtheitsmal3e(R) fir 9 agronomischeMerkmalefir die MessfahrtenB (31.05.2016) und C(10.06.2016)
und D (09.08.2016 am StandortHalle. RoteLinie cut off bei RR=0,5.
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AgRovefVersucheHalle 2016, HER5
Giysipex HEBSZS)
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VergleichsprobenBestimmungder Schatzgenauigke(®) mittels leaveone out Validierung(N=250). Rote Linie
cutoff beiR2=0,5
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4. HochdurchsatPhanotypisierung im Gewachshaus

Phenotyping platform Data aquisition
A B c
Environmental data (sensors) Leaf area/biovolume
Transpiration rates (1000s plants)
12 images/plant "
TN o a
f R T
10 20 30 40 50
e d T Time (d)
3.50
- (r=0.98) 7 3D plants and light interception
250 -
=
w 2.00
= s
£ 150 -
A 100 o
j*’drought
0.50 .
0.00
0 1000 2000 3000 4000

Shoot Area in kiloPixel

Honsdorfet al. 2014, PLOS ONE _ _
Tardieu et al. 2017CurrBiol Rev

MLU Halle @# Prof. Klaus Pillen, Hilsenberger Gesprache, Hamburg,13206.2018 19




HochdurchsatzPhanotypisierung im Gewachshau

THE UNIVERSITY

ADELAIDE |

Plant Phenomics Facility
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5. Modellierung:MachinelLearning(ML)

. ==

(B) . Identification

4, ; 2
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Singh et al. 2016, Trends Pla8ti
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6. Big Datalntegration Systembiologie

INPUT BIOLOGISCHE
Integration - PROCESSING - OUTPUT - FRAGE
Daten und Wissen = MachineLearning =~ OmicsAnwendung Trait-Vorhersage

Machine learning

e.g. Weka,
Scikit-learn,
Shogun,
Mipy,
Mlpack,
Apache Mahout,
MI-hadoop,
MLlib,
and Oryx.

Cellular KEGG

localization pathway
Enzvme’ Other

Transcription

Stress
response

Knowledge integration
Signaling

O
O ™
6@,3‘ g é\%eﬂ‘

Model evaluation g
Training set,
testing set,
tuning set,

cross validation

0,
o e

640
Qe

3

Big data analysis ToolMart

Big data-assisted basic research

Big data-assisted translational research

Data preprocess

Data cleansing,
transformation,
normalization,
e't\d’ redundancy removal,
e data resampling,
feature selection

Cell-specific

Data integration
Signaling

TRENDS in Plant Science

Figure I. A platform for machine learning-based Big Data analytics in plants.

Ma et al. 2014, Trends Plar8ci
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6. DatenintegrationSytembiologie

Phanom, Transkriptom und Metabolom-Analysein Tomate

A multi-omics view of tomato breeding

ines
26,273,368 SNPs

eQTL
2,566 cis-eQTL
93,587 trans-eQTL

Transcriptome

399 lines
~30k genes

Variome o
& 5. N

\‘ Pearson correlation e
232,934 correlations

PIM (~ 2g)

Domestication
selection of 5 loci

45 steroidal
glycoalkaloids

Metabolome

442 lines
980 metabolites

Wild 127 metabolites
species ~ 100g)

CER (~ 10g)

Improvement
fw11.3 hitchhiking
8 metabolites

Introgression Divergence
Tm-22 linkage drag > myb12

BIG 122 metabolites Pink

Zhu et al. 2018Cell
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Steigerung der Effizienz in der Pflanzenzlchtun

Zucht Selektions Selektions Genetische Umwelt-
programmmy  zyklus@ Scharfery  Variationr, Adaptionm

Size
of breeding
program
1Identiﬁcation of novel RGenoty
s genetic veriation AP
2 — | — }Gﬂ!mmﬁd
a i Improved
A~ selection
for TPE

Phenotyping ._____. GS secondary traits I Model ______, Phenotyping ._____. Cropand  ._____,
o | costs ' ' + reduced field parameterization | costs ; climate models  :
o ! variability : ' ' :
= ! : :
-g A ' ' il A ' '
= Budget allocated ! : . Budget allocated ! Genotypic i

to plots €t v Imgrfov:d preclllctt:lons ::Iz::ct’i‘ﬁld - to plots SRR performance <----:

guCidcier cyaic e in novel climates
. High-throughtput
High thr.oughtput - phenotyping tools
phenotyping tools for S :
breeder-preferred traits =

Stable |sotopes

Phenology

Height
Yield

L : -
z};? ¢indis l i
£
Arauset al. 2018, Trends Plar8ci
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¥ _Potentialeder Datenverarbeitung -

|

GenomsequenzierungNGS)
GenomischePradiktion (GP)
GenomkEditierung(GE)
Hochdurchsatzphanotypisierun@HTPP)
Modellierung
DatenintegrationSystembiologie

B Sl BN

%

Erhebliche Erweiteung des Verstandnisses uber
Pflanzenwachstum undtrtragsbildung
6 M Y2 Sowiztaimiidb-zeitliche Modellierung)

8. Reduktionder Kosten der Datenerhebung
(MGenom &Phanon)

9. Steigerung der Effizienz in d&tichtung

(MGenomische Pradiktion, Selektionsgewinn pro Jahr) |
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GenomischdPradiktion(GBR

I (A) Training the model g pondlation

l l

Training sets Validation sets
Triihink set_2 Trainin Validation set

> Training the model

(B) The expected prediction accuracy (r,)

—> Training population =~ —> True breeding values (TBVs) —

— A\
Prediction accuracy 4= ﬂGEBVs,TBVs)
A
. >  Genomic estimation
Breeding population breeding values (GEBVs)
Selection
decision
Desta et al. 2014, Trends Pla8ti TRENDS in Plant Science
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] Breeding

Datenintegration (Klima, Boden, Dlungung,
Pflanzenschutz | andtechnik, Genotyp)

Genome-wide selection

population

Mapping/training populations
A kb [ / Phenotyping
) 2 | } : /

SE8HR202 2T RUAS ¥Bd e nue
= ss

> (c) Genotyping
Npee S
W e
53\. w1161 A f
A y
/N woromes i "‘: +
S : AT (d) Functional ‘i
GTGCTOTACGTAC c NN T i ||
wasrenes: (b) Sequencing | Wi SREch
(e) QTL, eQTL, mQTL — PR il | [
PR 1T

?—!lim ﬂn,gn:n%‘w ‘lil-l

l ! ‘—:,! v il T

; s 5. -*‘ = .l | 'j

(a) Gene/allele . isiini b i iniy 1
. i i;ll

Breeding population Y
= T Genetic
ideotype

i

(g) Marker-assisted
selection

Langridge& Fleury 2011, TrendBiotech
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GenomEditierung CRISP/Cad9utationsgenerierung

* KO or Indel mutation by NHEJ

* Genome wide editing by NHEJ
* Chromosome rearrangement

CRISPR/nCas9

CRISPR/Cas9

Application
Functional genome research
* Genome wide new gene discovery

* New germplasm creation and stably

improvement

* Elite germplasm simulation

Viral or pathogen gene disruption
Synthetic biology tools

* Precise editing by HR
* Truncated RNA with low off
target effect

CRISPR/dCas9

* Precise editing by HR

* Paired nickase with low off
target effect

* Precise point mutation with
deaminase

Transcriptional activation/repression

-CRISPRiI

- VP64/KRAB

- MS2 gRNA aptamer+ P65HSF1/SRDX
Genome locus labeling

Epigenetic regulation

Fig. 1. Programmable RNA-guided genome DNA editing by CRISPR/Cas9 has been exploited in numerous diverse applications, some of which are shown.

Liu et al. 2017Methods
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HochdurchsatA?hanotypisierung im Feld

Tardieu et al. 2017CurrBiol Rev
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