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• regression-based (e.g. GLM, GAM)

• machine learning (e.g. neural networks, 

boosted trees)

some methods combine the two approaches

Species distribution models



Temperature

> 21ºC

TRUE FALSE

PRESENT

PRESENT ABSENT

Rainfall

< 900 mm

TRUE FALSE

Decision trees



- Occam’s razor: simpler is better (avoid
over-fitting)

- build small trees that accurately fit the data

- stopping criterion, pruning

but...

single trees have poor predictive capacity!

Decision trees



RF (Random Forests):

– ensemble of trees computed independently 

from random subsets of the data

– average prediction of all trees

Decision tree ensembles
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BRT (Boosted Regression Trees), a.k.a. 

GBM (Generalized Boosted Models):

– sequence of simple trees (weak learners) 

for previous prediction residuals

– sum of trees x learning rate

Decision tree ensembles
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BART (Bayesian Additive Regression Trees)

• non-parametric Bayesian regression approach 

to an ensemble of trees

• cutting-edge alternative to other tree-based 

methods (RF, BRT/GBM)

• built-in complexity penalty

• inherently handles prediction uncertainty

Decision tree ensembles



BART advantages

• it's Bayesian: for each site, the baseline 

expected value (prior) is not a single 

estimate (e.g. prevalence), but a probability 

distribution representing all possible 

estimates with associated levels of uncertainty

• the estimate is then updated to get a predicted 

(posterior) distribution based on the new 

evidence (presence or absence of species 

observation records)



BART advantages

0.880.81 0.93

posterior mean probability

uncertainty

0.05 0.95



BART advantages

• with the built-in complexity penalty, default 

parameters are sensible and generally 

work very well

• anyway, there's also an automated cross-

validation approach to prior selection

• advanced users can go more in depth within 

the BART literature to set better priors, 

though that's usually not recommended



• BART provides an "out-of-the-box" procedure 

that is statistically robust, provides excellent 

performance, and is also robust to changes in 

data or parameter choices

• it’s an example of how the probabilistic 

framework of Bayesian statistics can avoid 

many of the problems with classical 

approaches

BART advantages



BART papers

[2010]

[2020]



Papers using BART

https://doi.org/10.1101/2021.02.26.433096   

https://doi.org/10.1101/2021.02.26.433096


Papers using BART

more examples at the 'embarcadero' paper
Citing literature section

https://besjournals.onlinelibrary.wiley.com/doi/full/10.1111/2041-210X.13389


Papers comparing BART to others



Papers comparing BART to others



Papers recommending single methods

…and with BART you don't even need the tuning!



BART software

packages:

  [BART, BayesTree, bartMachine]

• dbarts 

• embarcadero (wrapper for dbarts 

    in a SDM context)



# example of a data frame that can be used for 

computing a model:

Set up the data

species occurrence data:

1 = presence, 

0 = no recorded presence

values of the 

predictor variables



library(embarcadero)

mod <- bart(x.train = dat[ , var_cols], 

y.train = dat[ , "presence"], 

keeptrees = TRUE, seed = 123)

Compute BART model

this makes the resulting object heavier, 

but it is necessary if you want to get 

predictions from this model afterwards

this makes the model 

reproducible, even if it uses 

random number generation



Examine model

summary(mod)



Fine-tune prior parameters

• embarcadero::retune is a wrapper for 

dbarts::xbart – a cross-validation approach to the 

selection of parameters for the priors

• computer-intensive and usually not necessary (as 

default parameters perform well), but may slightly 

improve predictive capacity

mod <- retune(mod)

summary(mod)



Map model predictions

BART_P <- predict(mod, layers, 

quantiles = c(0.025, 0.975))

bart_pred <- predict_bart_df(mod, dat, 

quantiles = c(0.025, 0.975))

# add uncertainty (credible interval width):

bart_pred$uncertainty <- bart_pred[ , 3] – 

       bart_pred[ , 2]

for raster 

maps

for data 

frames



Map model predictions

plot(BART_P)

width of the 
credible interval

"posterior 
mean"



Probability vs. favourability

Presence probability (given by BART and other 

presence-absence models): likelihood of finding the 

species at a given environment, which depends on:

- the general likelihood of finding the species in the 

region, given how rare or common it is (prevalence)

- the favourability of that particular environment to 

the species, which may make it more likely to be there 

than in general across the region



Probability vs. favourability

Favourability can be obtained directly from probability 

by removing the effect of species prevalence, e.g. with 

the fuzzySim::Fav() function.

Favourability does not necessarily reflect areas where 

the species is likely to be present, but rather areas 

that are favourable to the species, even if it's absent.

For more details, see e.g. 

https://modtools.wordpress.com/2023/07/11/weighted-

probability-vs-favourability

https://modtools.wordpress.com/2023/07/11/weighted-probability-vs-favourability
https://modtools.wordpress.com/2023/07/11/weighted-probability-vs-favourability


Probability vs. favourability

BART_F <- fuzzySim::Fav(pred = BART_P, 

sample.preval = prevalence(model = mod_full))

BART_F_lower <- Fav(pred = BART_P_lower, 

sample.preval = prevalence(model = mod_full))

BART_F_upper <- Fav(pred = BART_P_upper, 

sample.preval = prevalence(model = mod_full))

F_uncert <- BART_F_upper – BART_F_lower



Probability vs. favourability

plot(BART_P)



Probability vs. favourability

plot(BART_F)
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