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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
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Discovery phase — Step 1: Data acquisition

Step 1: Na oo '
Data acquisition e B o m

Genomic data Phenotypicdata  Climatic data
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Sampled Populations/Locations

FIGURE 1 A map of cork oak (Quercus suber) distribution. Shaded land areas represent the species' range. White dots represent the
sampling locations. Adapted from EUFORGEN 2009 (www.euforgen.org) [Colour figure can be viewed at wileyonlinelibrary.com]
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GBS - Genotyping-by-Sequencing

Sequence flanked by two restriction enzyme cut sites

¢ GBS ) A

* 1. Digest (one enzyme)

—— — — — B "

2. Ligate adaptors

f

+ATTAGCTAGCGGGATATTTCGCT!

GCTAGCGGGATATTTCGCT.
GCTAGCGGTATATTTCGCT:
GCTAGCGGGATATTTCGCT,

GCTAGCGGGATATTTCGCT!
GCGAGCGGGATATTTCGCT!

feees

FGCAGGACACACAGGAGCTGAGCCATICCTGCGGCTC

3. Multiplex
4.PCR

"TGCAGGACACACAGGAGCTGAGCCATTCCTGCGGCTC
[GCAGGACACACAGGAGCTGAGCCATTICCTGCGGCTC
IGCAGGACACACAGGAGCTGAGCCATICCTGCGGCTC
'GCAGGACACACAGGAGCTGAGCCATTICCTGLCGGCTC
TGCAGGACACACAGGAGCTGAGCCATTICCTGCGGCTC
ITGCAGGACACACAGGAGCTGAGCCATTCCTGCGGCTC
"TGCAGGACACACAGGAGCTGAGCCATTCCTGLCGGETC
[GCECGACACACAGCAGCTGAGCCATTICCTGCGGCTC
FGCAGGACACACAGGAGCTGAGCCATTICCTGCGGETC
FGCAGGACACACAGGAGCAGAGCCATTCCTGLCGGCTC
TGCAGGACACACAGGAGCTGAGCCATTICTTGCGGCTC
I[GCAGGACAGACAGGAGCTGAGCCATTICCITGCGGCTC

" I[GCAGGACACACAGGAGCTGAGCCATTCCTGCGGCTC

Sbf1 s’

AGCTCGCCTGCA
pGCTCGCCTGCA
AGCTCGCCTGCA
CTCGCCTGCA
GCTCACCTGCA
CTCGCCTGCA
GCTCGCCTGCA

TGCAGCCTAGCGCTATAGATCCAAAGGCTAGG
TGCAGGCTAGCGCTATAGATCCTAAGGCTAGG
TGCAGGCTAGCGCTATAGATCCAAAGGCTAGG

ACCAAACGTTT!
ACCAAACGTTTI
ACCAAACGTTT!
ACCAAACGTTTI
ACCAAACGTTT
ACCAAACGTTT!
ACCAAACGTTT
ACCAAACGTTTI
ACCAAACGTTT
ACCAAACGTCT
ACCAAACGTTT!
ACCAAACGTTT
ACCAGACGTTT!
ACCAAACGTTT!
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TCGCCTGCAGGCTAGCGCTATAGATCCAAAGGCTAGGCAAT. . «

F Pop1

Pop2

v
\\\\\\TGCAGGACACACA

GCTGAGCCATTCCTGCGGCTCCNGACCAAACGTTTG
T~ TGCAGGANACACA GCTGAGCCATTCCTGCGGCTCCCGACCAAACGTNTG
TGCAGGACACACA GCTGNGCCATTCCTGCGGCTCCCGACCAAACGTTTG

Pop3 ‘ 7TGCAGGACACICA GCTGAGCCATTCCTGCGGCTCCCGACCAAACGTTTG

.
O

TGCAGGACACACAGTAGCTGAGCCATTCCTGCGGCTCCCGACCAANCGTTTG



Discovery phase - Step 2: Identifying the genomic base

of local adaptation

Step 1:
Data acquisition

v

Step 2:

Identifying the
genomic bases of
local adaptation

W

‘/ o ‘
\r o / -
r p .
Na oo
d? & -

Genomic data Phenotypicdata  Climatic data

: /

Complimentary approaches to
detecting local adaptation

Genome scans
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Genotype Environment Association Analysis

Environmental Variables

Phenotype

|

%ﬂ I I + Hap|otype

Genotyped Non-observed Genotyped

o Causal mutations Associated
Markers e
SNPs
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First results
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1996 SNPs, 95/81 Trees, 259 SNPs non-neutrals

3 PINA-MARTINS .
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FIGURE 2 MavericK clustering plots for K = 2. Sampling sites are presented from West to East. “a" is the Q-value plot for the dataset with
all loci, "b" is for the dataset with only "neutral” loci, and “c" if for the dataset with only "non-neutral” loci [Colour figure can be viewed at wile
yonlinelibrary.com]
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2583 SNPs, 95/81 Tree, 265 SNPs non-neutrals

East 3
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FIGURE 1 Ecological niche, dark green, of Q. suber with each sampling location coloured according to the associated and group of
w7 populations (blue, black and red)
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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”
associations

“Isothermality” with 35 associations
“Mean Temperature of Driest Quarter”, with
29 associations.

with 71

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

TABLE 2 Summary of sLasT hits for loci with single nucleotide
polymorphisms (SNPs) associated to one or more environmental
variables. “MTDQ" and "MTWQ" stand for “Mean Temperature of
Driest Quarter” and “Mean Temperature of Wettest Quarter,”

respectively

SNP name

SNP 158

SNP 168

SNP 233

SNP 333

SNP 455

SNP 619

SNP 834

SNP 880

SNP 1134

SNP 1589

Note (Similar to)

TRE1: Trehalase
(Arabidopsis thaliana)

PER47: Peroxidase 47
(Arabidopsis thaliana)

CPSF160: Cleavage
and polyadenylation
specificity factor subunit
1 (Arabidopsis thaliana)

Asccl: Activating signal
cointegrator 1 complex
subunit 1 (Mus musculus)

GLCAT14A: Beta-glucurono
syltransferase GIcAT14A
(Arabidopsis thaliana)

GBP#&: Guanylate-binding
protein 6 (Pongo abelii)

NACO098: Protein CUP-
SHAPED COTYLEDON
2 (Arabidopsis thaliana)

TPP1: Thylakoidal processing
peptidase 1%2C chloroplastic
(Arabidopsis thaliana)

EMB2654: Pentatricopeptide
repeat-containing protein At2g
41720 (Arabidopsis thaliana)

At1g19525:
Pentatricopeptide repeat-
containing protein Atlg19525
(Arabidopsis thaliana)

Associations

Mean Temperature
of Driest Quarter

Precipitation of
Driest Month

Annual Mean
Temperature

Mean Temperature
of Driest Quarter

Precipitation of
Driest Month

Precipitation of
Driest Month

Longitude

Mean Temperature
of Warmest Quarter

Mean Temperature
of Driest Quarter

Temperature
Seasonality

Octavio S. Paulo - B4EST

“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).

14



Prediction Phase — Step 3: Generalization of the genetic-environment relationship

Step 1:
Data acquisition

v

Step 2:
Identifying the
genomic bases of
local adaptation

h 4

Step 3:

Generalization of the
genetic-environment
relationship

W

Adaptive genetic

Ny .
o - oo
& o &
Genomic data Phenotypicdata  Climatic data

Genome scans

S

Environment

component

p ».\\
GEA | GWAS)
\ /
\\ /
Fsr

Complimentary approaches to
detecting local adaptation

Adaptive genetic component
turnover across the landscape
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Gradient Forest GF

Model of present allele frequency
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”

Environmental
thresholds 1-4

Allele frequency

ﬂ-
o
o LGB03_36741
@ LGB11_140810
Gradient forest is non-parametric method that use = o805 36740,
“ . . . ” (o] @ LGB11_143828
machine-learning regression tree approach” known as S —
Random Forest —
o
O —
o

100 300 500 700
BIO19 P
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Gradient Forest - SNPs Neutral vs 265 SNPs Adaptive
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(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
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Maps of predicted turnover in allele frequencies - Gradient Forest for adaptive SNPs

Current landscape patterns of allelic composition Difference between full SNP and adaptive SNPs datasets based
predicted under the gradient forest for the adaptive SNPs on Procrustes residuals.
dataset.

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.



Prediction Phase - Step 4 — Measuring the shifts in genomic optimum

Step 1: onl, el
Data acquisition ] et [ -
Genomic data Phenotypicdata  Climatic data

h 4

Step 2:

Identifying the :_ - PR
genomic bases of w
local adaptation

Genome scans Complimentary approaches to
detecting local adaptation

h 4

"
Step 3: eq
RS o5 —
Generalization of the 23
genetic-environment 83
relationship 2 2
Environment Adaptive genetic component

turnover across the landscape

v

Step 4:

Measuring the shift
in genomic optimum

Genetic offset

v
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Prediction Phase

- Genetic offset

Present environment - allele frequency

Population allele frequency

Step 4:
Measuring the shift
in genomic optimum

v

Risk of non-adaptedness

relationship

Environment

: _\I

Population allele frequency

Genetic offset

Allele frequency changes projected

Environment

Generalized dissimalirity modelling

Present relationship between
genetic distance and environment

. -9-9

-

Cum. genetic distance

Environment
Gradient forest

Model of present allele frequency

Environmental
thresholds 1-4

Allele frequency
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Cumulative SNP turnover

Projected genetic offset
with environmental change
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Sum of projected SNP changes
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Risk of non-adaptedness RONA

Allele frequency (<)

The average absolute difference between AAF ;oo and AAF; s, represents the RONA of a
population to future conditions, or, in other words, the average change in allele frequency at the n
relevant loci that is needed to be adapted to altered conditions. This results in the following formula:

1 n
RONA = ; Z |(Sprcscm!- * EFfumrc + Iprcscnt,—) - AAFprcscntJ

=1

I + EF *5

present present

Linear regression: AAF

present ~ present

14 ®
0.9 1 ®
0.8 4
074, AMFrwwe
0.6
0.5 - RONA = required allele frequency
0.4 - change to face future climatic
03 - conditions

) IIIrj'“":"Fpn}sent Climate change _
U..l = E EF|]rE-5-e3~|'|1 i EFfIJTIJI’E

0 ¥ -

10 12 14 16 18 20 22

Temperature (°C)
21



RONA RCP26 (a) e RCP85 (b)

RONA

0.14 - (@
0.40 - (b)
0.12 - 0.35 -
0.10 - 0.30 -
0.25 -
0.08 A g
@]
& 0.20 -
0.06 -
0.15 -
0.04 - 0.10 -
0.02 - 0.05 1
6.00 0.00 -
e L2 (""ef’o@@"’\ RSP SRS PR
& & & SN 2 & X
S e}\ 0\0@ \Qo ‘5‘@06‘?’1 o?e L. Q\'o\\{o& «,b'oc RS QAQ‘,‘)\@ \\,z, ?\q & 00@6 \/*—(\\ 0(\(‘5\\ QS & O (_’\o P ‘\oi (;o«\)(\\
?\ ‘P N & °) ) «0‘9 < # 2 o
(1 ,gl;b @‘0 Q@‘
e Precipitation of Driest Month 71
mam  Isothermality 35
B Mean Temperature of Driest Quarter 29

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

RONA
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Genetic offset

Adaptive genetic component turnover

- AR

} G B r./-'—"“

Genetic offset
Gy

Cap

Climatic gradient (e.g., temperature)
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KeePace - Genetic offset

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.

Octavio S. Paulo - B4EST
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Predict the response to climate change

Table 1 Recent studies predicting a future change in local genomic optima due to climate change

Adaptive component

Species Type | Spatal scale Data identification Predictive model Validation procedure Reference
Poprilus baleamifera ? North America | Genomic (targeted genotyping | £, (Arlequin, BayeScan), | Gradient forest and None Fitzpatrick &
of candidate genes) GEA (Bayenv), GPA GDM Keller 2015
Avrabidspsis thaliana \F' Furope Genomic (whole genome) GWAS (EMMAX 235, Feological miche Maone Exposito-Alonso
BSLMM2E) modeling on alleles eral, 2018
Poprilus tremala Sweden Genamie (whole genome) GEA (LFMM) GDM None [n;n':ir.\*ic vt &
Bernhardsson
2018
Quercus rugosa Mexico Genomic (GBS) F Gradient forest None Martins et al.

ST

2018

Empidonax traillii

North America

Genomie (RADseq)

GEA (LFMM)

Gradient forest

Caorrelation with population
historical trends

Ruegg et al. 2018

Serophaga petechia

North America

Genomic (RADseq)

GEA (LFMM)

Gradient forest

Correlation with population
P

Bay et al. 2018

Cmerens suber

Western
Mediterranean

Genomic (GBS)

F (BayeScan), SelEstim

RONA

None

Pina-Martins et
al. 29

VIYoTes cryprices and JESTEI LUTOpe | Laenomic 51 o8 N Loological niche One AZFOUT €L a
Myotis escalerai modeling separating two 2019
extreme adaptive groups
Encalyptus melliodora Australia Genomic (GBS) None GDM wsing the complete | None Supple et al. 2018
g‘:ﬂf]]“i(: (l‘.l.li! set
Arabidapsis thaliana \Iar‘, Europe Genomic (whole genome) GWAS (LM-GEMMA) | GWES Madel evaluation procedure | Exposito-Alonso
Phenotypic (common gardens) et al. 2019
Zea miays \IJI', Mexico Genomic (published dara) GEA (Bayeny, Bayescenv) | Gradient forest None Aguirre-Liguori
eral, 2019
Fagus syloatica ? French Alps Genomic (RADseq) GEA (RDA) RDA None Capblaneq et al,
2019
Capra aegagrus bircus m Morocen Genomic (whole genome) GEA {logistic regressions, | SPAG Maodel evaluation procedure | Rochat & Joost
I SAM) 2019
Mimosa scutistipiela . Carajis Mineral | Genomic (GBS) GEA (RDA, LEMM), RDA None Carvalho et al.
and Dioclea aprerensis \I' Province Phenortypic (sample traits) GPA (RDA, LEMM) 2019
(Brazil)
Poprilus balsamifera North America | Genomic (targeted genotyping | None GDM None Gougherty eral.

of candidate genes)

2020

Abbreviations: GBS, genotype-by-sequencing; GDM, generalized dissimilarity modeling; GEA, genotype-environment association; GPA, genotype-phenotype association; GWAS, genome-
wide association studies; GWES, genome-wide environment selection; RADseq, restriction-site associated DINA sequencing; RDA, redundancy analysis; RONA, risk of nonadaptiveness;
SPAG, spatial areas of genotype probability.

Organism type:

= Tree

‘{' = Plamt

m = Domesticated mammal
]

L: Wild mammal

4 = Bird

Octavio S. Paulo - B4EST
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Systematics

Genomic Prediction of
(Mal)Adaptation Across
Current and Future
Climatic Landscapes
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Predict the response to climate change - ENM

Mitig Adapt Strateg Glob Change

DOI 10.1007/s11027-017-9738-z

@ CrossMark

ORIGINAL ARTICLE

Contribution of spatially explicit models to climate change
adaptation and mitigation plans for a priority
forest habitat

Ricardo A. Correia'*** . Miguel N. Bugalho® -
Aldina M. A. Franco® - Jorge M. Palmeirim '

Received: 15 July 2016 / Accepted: 31 January 2017
© Springer Science+Business Media Dordrecht 2017
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L 1
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(0.25 - <0.5)
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)

Fig. 4 Location of recently established cork oak stands in Portugal in relation to cork oak environmental
suitability as predicted by MaxEnt models for present (a) and future (year 2070) environmental conditions based
on RCP 4.5 (b) and RCP 8.5 (¢) climate change scenarios. Cork oak stands are represented by black dots

Mitig Adapt Strateg Glob Change

a 10° b 10°W C 10°W 0° 10°E
50° N 50° N 50° N
40° N 40° N 40° N+ s
PT ‘.
30°N 30°N 30° N -
Present RCP 4.5 (2070) RCP 8.5 (2070)

Suitability classes
[CJUnsuitable (<0.25) [ClLow (0.25 - <0.5) @@ High (20.5)

Fig. 2 Cork oak environmentally suitable areas as predicted by MaxEnt models for present (a) and future
scenarios (year 2070) based on RCP 4.5 (b) and RCP 8.5 (¢). Country codes identify the nations where the
species currently occurs: Portugal (P7), Spain (§P), France (FR), Italy (/T), Morocco (MA), Algeria (DZ) and
Tunisia (TN)
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Predict the response to climate change - ENM

Eur J Forest Res (2017) 136:555-569 @ CrossMark
DOI 10.1007/s10342-017-1055-2

(a) : CCSM RCP4.5 e CCSM RCP8.5
o - 2050 . 2050

A tree species range in the face of climate change: cork oak
as a study case for the Mediterranean biome

Federico Vessella' + Javier Lopez-Tirado” - Marco Cosimo Simeone' +
Bartolomeo Schirone' - Pablo J. Hidalgo®
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Assisted Migration or Assisted Gene Flow
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Time to get moving: assisted gene flow of forest trees
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Figure 5 Provenance variation in 8-year-old Picea sitchensis from across the species range grown in a common garden in Vancouver, BC, Canada.
Figure 1 Schematic diagram of management options for reforestation For illustrative purposes, trees were selected from each population that were closest to the provenance mean. The state or province of origin and the
and restoration in a changing climate. While this illustrates the north- provenance mean annual temperature are indicated. This species shows the steepest cline of all species for height at age 2 in Figure 4(A). The popula-

o . tion from Kodiak Island, AK (Fig. 3) has poorer growth than expected for an MAT of 5°C, likely due to inbreeding (Mimura and Aitken 2007b).
ward movement of individuals, assisted gene flow may also occur along

elevational or longitudinal climatic gradients. Octdvio S. Paulo - B4EST
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Questions?

Population structure in Quercus suber
L. revealed by nuclear microsatellite
markers
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Gradient Forest GF

Model of present allele frecquency GF uses three primary outputs from random forests to model  \ .- R weighted importance
compositional turnover directly, including: Pox —
PO |
PCNM13
SNP (1) the overall goodness of fit (R2) of the forest for each L

response (in this case, responses are individual SNPs), sotey —
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(2) the accuracy importance for each environmental predictor ronus
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