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Questions addressed by the Project KeePace

1 – Understand the population structure and demographic 
history   

2 – Detection of the genomic signatures of natural selection in 
natural populations

3 – Which genes/genomic regions are associated with relevant 
environmental variables  

4 – How populations will respond genetically to climate change



Discovery phase – Step 1: Data acquisition
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Sampled Populations/Locations
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GBS – Genotyping-by-Sequencing



Discovery phase – Step 2: Identifying the genomic base of local adaptation 
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Genotype Environment Association Analysis
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First results
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1996 SNPs, 95/81 Trees, 259 SNPs non-neutrals 

Pina-Martins et al. 2019 GCB



Octávio S. Paulo  - B4EST
13

2583 SNPs, 95/81 Tree, 265 SNPs non-neutrals

Vanhove et al. 2021 JEB 
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Genotype Environment Association Results

274 associations between 249 SNPs and 12 of
the 16 tested environmental variables

Of all environmental variables, the one with
most markers associated is:
“Precipitation of Driest Month” with 71
associations
“ Isothermality” with 35 associations
“Mean Temperature of Driest Quarter”, with
29 associations.

Sequences containing 22 of the 249 markers
associated with environmental variables were
matched to entries in the Q. lobata genome,
however, of these only 10 were annotated

“Similar to TRE1: Trehalase,” which is 
known to play a role in drought stress 
(Houtte et al., 2013). 

Located in a region matching the 
annotation of “Similar to PER47: 
Peroxidase 47,” which is known to play 
a role in drought response (Li et al., 
2017). 

Pina-Martins et al. 2019 GCB



Prediction Phase – Step 3: Generalization of the genetic-environment relationship 
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Gradient Forest GF
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Fitzpatrick & Keller 2015 Ecol Let

Gradient forest is non-parametric method that use

“machine-learning regression tree approach” known as  

Random Forest

GF method construct a monotonic turnover function for 
each SNP and an aggregate  (for all SPNs)  turnover function 
across all SNPS using a strategy  of  “predict, then assemble” 
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Gradient Forest - SNPs Neutral vs 265 SNPs Adaptive
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Vanhove et al. 2021 JEB 

(a) R2- weighted importance of environmental and spatial variables for the adaptive SNP model. 

(b) Cumulative importance of allelic change along environmental gradients for the adaptive and neutral SNP model



Maps of predicted turnover in allele frequencies - Gradient Forest for adaptive SNPs
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Scale - a red-green-blue color scale was generated using the first three axes of the principal components of the 
gradient forest prediction. Regions with similar colors are expected to have similar genetic composition. 

Difference between full SNP and adaptive SNPs datasets based 
on Procrustes residuals.

Current landscape patterns of allelic composition 
predicted under the gradient forest for the adaptive SNPs 
dataset. 



Prediction Phase – Step 4 – Measuring the shifts in genomic optimum
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Prediction Phase  - Genetic offset
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Rellstab et al. 2021 Evol Appl

Risk of non-adaptedness

Generalized dissimalirity modelling

Gradient forest
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Risk of non-adaptedness RONA
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RONA RCP26 (a) e RCP85 (b) 

71
35
29

Pina-Martins et al. 2019 GCB
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Risk of non-adaptedness RONA

Pina-Martins et al. 2019 GCB

Climate change predict between (1931 and 1960)  e  
(2071–2100) in the habaitats of the 71 population
and RONA 

Rellstab et al. 2016 MEC



Genetic offset
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KeePace – Genetic offset
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Predictive genetic offset (full SNPs dataset) under climate change for 2070. Euclidian distances 
between current and future climate were calculated for each model and regions with larger euclidian
distances are expected to have a larger genetic offset.
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Predict the response to climate change

Capblancq et al. 2020 AREES



Octávio S. Paulo  - B4EST
27

Limitations 
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Predict the response to climate change - ENM
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Predict the response to climate change - ENM
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Assisted Migration or Assisted Gene Flow 
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Questions? 



Gradient Forest GF
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GF uses three primary outputs from random forests to model 
compositional turnover directly, including: 

(1) the overall goodness of fit (R2) of the forest for each 
response (in this case, responses are individual SNPs), 

(2) the accuracy importance for each environmental predictor 
within a forest and 

(3) the importance of that predictor at a given split value “split
importance” in determining changes in SNP frequency in a 
particular tree. 
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Gradient forest is non-parametric method that use

“machine-learning regression tree approach” known as  

Random Forest

GF method construct a monotonic turnover function for 
each SNP and an aggregate (for all SPNs)  turnover function
across all SNPS using a strategy of “predict, then assemble” 


