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Predictive modelling of climate suitability
for Pinus halepensis in Spain
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Species Occurrence Environmental Layers

http://openmodeller.sourceforge.net/

Identify most sensitive sites to climate change

Support species selection for reforestation

Support conservation planning and reserve selection




—> An important tree species in
Mediterranean forest management

—> Previous studies on climatic P " =
suitability in Spain available: s "
= Parametric autoecology of

pines (Gandullo & Sanchez-
Palomares)

= Climatforest software (Garcia- ’
Lépez & Allué-Camacho)




Statistical methods for species
distribution models

Recent studies have shown that regression models generally
outperform climatic envelopes like those used in previous studies
on Pinus halepensis in Spain (Gandullo & Sanchez-Palomares,

Garcia-Lépez & Allué-Camacho).

Can a logistic regression model more
accurately predict the distribution of Pinus
halepensis in Spain?
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Logistic regression

e A generalization of the linear model to enable binary
response variables (presence/absence)

e Logistic regression involves an equation that predict
the probability of a binary outcome (e.g. species
presence/absence) as a function of independent
predictors (e.g. climatic variables)
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Pi = 1 4+ e—(Bo+B1zs i+ +Fkek,i)

Species probability of Estimated 3, regression X, independent
occurrence coefficients predictors
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0=1 /(1_|_e—[—67.9+10.6-T—O.41-T2])

Probability of occurrence for P.halepensis for a new site with T=15:

p= 1/(1+e_[—67.9+10.6-15-0.41-152]) =0.16




Response variable

Presence or absence of Pinus halepensis dominated
stands in the Third National Forest Inventory
(91,939 plots in continental Spain)
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Independent variables (predictors)

e WIR, mean winter rainfall

e  SpR, mean spring rainfall

e  SuR, mean summer rainfall

e AuR, mean autumn rainfall

e R, mean annual rainfall

e  WIT, mean winter temperature
e SpT, mean spring temperature

e  SuT, mean summer temperature

ESTCLIMA e AuT, mean autumn temperature
17 climatic

variables

e T, mean annual temperature

climatic modelling software

(Sa’nchez_Panmares et al_ 1999) b TW, mean of maximum temperatures of the
warmest month

e Tc, mean of minimum temperatures of the
coldest month

e DSL, dry season length
e DSI, dry season intensity

e  PET, mean annual potential
evapotranspiration

e WS, mean annual water surplus
e WD, mean annual water deficit
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Model fitting

e Predictors were transformed using Restricted Cubic
Splines (4 knots) to allow modelling of asymmetric
unimodal responses

e Model parameters were estimated using standard
maximum likelihood
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Model validation

1. Generate suitability predictions for Pinus
halepensis in an independent sample (444 ICP-
Forests Level | plots).

2. Evaluate the level of agreement between
suitability predictions and observed

presence/absence.
v Discrimination: the ability of the model to
discriminate sites by suitability, i.e., does the
1 mecos .4 model predicts higher suitability for an

Intercept 0.111

om0 occupied site than for an unoccupied one?

v’ Calibration: the resemblance of the
suitability predictions to observed
e frequencies of occurrence.

0B

Actual Probability
0.6
[

0.4

0.2

= Norparametrc

0.0

T
0.0 02 0.4 0.6 0.8 1.0

Predicted suitabilities (Log. reg. mod.)




Actual Probability

1.0

0.8

0.6

04

0.2

0.0

AUC 0.94

Intercept 0.111

Slope 0.898

FaN
A A -~ Ideal
T e e Nonparametric
o 4 Grouped observations
;_Q'://

- I I I I I I
0.0 0.2 0.4 0.6 0.8 1.0

Predicted suitabilities (Log. reg. mod.)

. —
' Model validation

Discrimination

AUC is equal to the probability that
a model will rank a randomly

chosen occupied site higher than a
randomly chosen unoccupied one

0.5 Models not better than
random

>0.7 Acceptable discrimination
1.0 Perfect discrimination

Important issue if sites will be
ranked according to species

suitability (e.g., for reserve
selection or mapping suitable sites
for species reintroduction).
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Model validation

Calibration

The calibration intercept measures
the difference between average
predicted suitability and observed
frequency (should be near 0).

1.0

AUC 0.94

Intercept 0.111
Slope 0.898

The calibration slope measures the
concordance of predicted
probabilities and observed
frequencies (should be near 1).
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Model validation of logistic regression model
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Comparison with previous models

Training sample NFI Validation sample ICP-F
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Comparison with previous models
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Previous models are not probabilistic, therefore good
calibration can not be expected.

Discrimination ability of previous models is acceptable but

lower than that of the logistic regression model.
L




Conclusions

Results show good predictive performance for
the logistic regression model, considering both
discrimination and calibration.

The logistic regression model outperformed
other models previously available for Pinus
halepensis in Spain.




Thanks for your attention




