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Genomic Selection and Random Forest

* Genomic selection uses genotypic data to predict phenotypes and select
top-performing individuals

 Random forest is well-suited for genomic selection

* Non-parametric (Montesinos Lépez et al., 2022) and able to handle the large p, small n
problem (Jannink et al., 2010)

* Integrates SNP interactions into the prediction model (Lunetta et al., 2004)

 Particularly promising for predicting disease resistance
e Often non-normal data distribution (Lange et al., 2021)

* Phenotype might be affected by a combination of major and minor
genes (Merrick et al., 2021) and by gene interactions (Gonzélez et al., 2012)
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How Does Random Forest Work?

 Random forest works by growing multiple
decision trees

* The final random forest prediction is the
average of the decision tree predictions
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How Does Random Forest Work?

 Random forest works by growing multiple
decision trees

* The final random forest prediction is the
average of the decision tree predictions

* To increase accuracy, randomness is
introduced in the decision trees by variable
selection and bootstrapping

 This randomness makes random forests
naturally non-deterministic

=> Predictions and decisions can change even
with the same input data just by chance
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How Non-Determinism Can Affect Selection Decisions

* For example: The predicted yield of two e
varieties using random forest 10,000 N
times /

* The predictions are normally distributed 7Z XY
around a mean prediction per variety

* The predictions show some overlap: &:
It could be possible to make a wrong
decision just by chance

6.5 7 J 7.5 8 8.5 9
Mean of predicted predicted yield [t/ha] Mean of predicted
yield for variety 1 yield for variety 2
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Increasing the Stability of Random Forest

e More decision trees will lead to more
stable predictions

* Disadvantage:

Growing a decision tree requires
computation time

- Growing 1,000 decision trees
takes twice as long as growing
500 decision trees
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Relationship Between Stability and the Number of Trees

—

* The variability of the predictions of a
non-deterministic model can be Le e
measured as the prediction stability by L
repeating the model fitting process ) .

0
e

* The prediction stability (s) increases non-
linearly with higher number of trees (t)

Prediction stability

0.6

0.4
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Number of trees
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Relationship Between Stability and the Number of Trees

—

* The variability of the predictions of a
non-deterministic model can be
measured as the prediction stability by
repeating the model fitting process

0.8

* The prediction stability (s) increases non-
linearly with higher number of trees (t)

Prediction stability

0.6

* This relationship can be modelled using
a two parameter logistic (2PL) regression

model:
1

0 6, 0 2000 4000 6000 8000 10000
1 _|_ 1 Number of trees

§(t) =

0.4
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The Optimal Number of Trees

 With the 2PL model, the increase of a
prediction stability for each number of
trees can be determined

0.8

* The optimal number of trees is where
further trees lead to minimal gains in
prediction stability (< 107¢)

Prediction stability

0.6

e But the optimal number of trees is data

) optimal
set dependent and is affected by number
* Number of genomic markers of trees

* Number of observations in the
trainin g data 0 2000 4000 6000 8000 10000

Number of trees

0.4

* Genetic architecture
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install.packages (ranger)

The optRF Package
> install.packages (optRF)

* optRF is available on CRAN > library (ranger)
e Workflow: > library (optRF)
e Calculates the prediction stability for > optresult <- opt prediction(y = Response,
small numbers of trees + X = Predictors)
e Derives the 2PL model Recommended number of trees: 19000
* Determines the optimal number of > summary (optresult)
tTeeSforyourSpEC”h:dataSet Recommended number of trees: 19000
°(Dutput: Expected prediction stability: 0.978
e The optimal number of trees Expected selection stability: 0.836
] o . Expected computation time (s): 16.5
* Estimated prediction stability
* Estimated computation time for the > RFmodel = ranger(y = Response,
ranger function on the same machine + x = Predictors,
+ num. trees = 19000)
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Reproducibility is Not Stability

* One might be tempted to setting a seed to ensure reproducibility

e Setting a seed ensures that the same (quasi) random processes are repeatable
but this does not eliminate the instability of the model

- The risk of making a different decision when changing the seed still remains

* The goal of optRF is to provide a systematic way to reach stable predictions,
regardless of the initial random state

==l set.seed(123) ==l oo - @ . V

——fp set.seed(321) =iy Q‘o — @ — x
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Take Home Messages

Relationship between
prediction stability and number of trees

0.9

Random forest is a non-deterministic IR
prediction model

— Predictions and decisions can

08

Prediction stability
0;7

change when repeating the analysis optimal

. . = number

* Increasing the number of trees increases of trees
stability and computation time °ly

Number of trees

The R package optRF determines the optimal number of trees for your research
guestion and your data set

While setting a seed ensures reproducibility of your predictions, it does not ensure
stable predictions
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Interested in More?

Find more information and resources at the project website
www.uni-goettingen.de/en/optrf/707915.html

Stability

The original publication describing the methodology in detail L
| G/ optRF
O Links to the R package and the source code Spfal romberc trees
N >
| al A practical introduction to the R package

:=5,|| The slides of this presentation
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Questions, feedback, collaboration ideas?

Dr. Thomas Martin Lange

®
=
& Breeding Informatics Group

Georg-August University of Gottingen
X

thomas.lange@uni-goettingen.de

Thank you for the attention
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