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Background

• We sometimes get asked by the Swedish Board of Agriculture –
”What will happen to farmland birds if we change agricultural land use?”

• Approach:

� Build a model associating bird abundance to land use

� Combine the model with available data and estimate the 

parameters/coefficients/variables of the model

� Apply the model on new land use forecasts according to scenario



What we have – a nice design

La
n

d
 u

se
va

ri
a

b
le

2

Land use variable 1

1 km



What we have – counts of farmland birds
Farmland Bird Index

Environmental Objective 13: 

A varied agricultural landscape”
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Requirements/Complications

• We need a statistical model (a function)

� estimated coefficients/parameters which can be applied to new 

environmental data – make predictions!

� handle hierarchical design structure (e.g. repeated sampling, different 

observers)

• We want to be able to describe the uncertainty around predictions

• There are 15 farmland bird species of interest

� Species may respond differently to changes in land use

� Species may interact (competition or facilitation)
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Alternatives (in ”the old days”)

• Separate models for each species

– Many models and some rare species may not be possible to 

analyse

– Combining results from independent models may yield
unrealistic predictions

• Combine species into one response variable (e.g. calculate a 

diversity measure) and use one model

– Differential responses to land use among species get 
”hidden”

• Apply multivariate statistics (ordination etc.)

– Not model-based (parameters?, non-normal data?, 
hierarchical designs?)

– Difficult to use for predictions

– My ignorance
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Clark, J.S. et al, 2014. Ecological Applications 24, 990-999.



Joint (Species Distribution) Models

– the beautiful solution?



Joint (Species Distribution) Model

–the beautiful solution? 

• All species modelled simultaneously in one model

• Species specific parameter estimates

• Co-variance between species explicitly modelled

• Rare species ”borrow information” from common ones

• Model based

+ Hierarchical structures handled “easily”

+ Non-normality “allowed”

+ Prediction straight-forward

• Bayesian approach

+ Uncertainty a natural part

+ Flexible

+ Example code available Environmental Residual



The joint species distribution model (JSDM)

Pollock, L.J et al 2014. Understanding co-occurrence by modelling species simultaneously with a Joint Species Distribution 

Model (JSDM). Methods in Ecology and Evolution 5, 397-406.

Nj is a J-dimensional multivariate normal with mean
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and (co)variance
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J = number of species

n = number of sites

K = number of predictors



Obstacle 1 – Y is not presence/absence, it is counts

Solution: log-normal Poisson
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The joint species abundance model (JSAM)
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Obstacle 2 – The prior for ∑

• Commonly used prior for variance-covariance matrix - Inverse-Wishart (IW)

From blog by Simon Barthelmé

https://dahtah.wordpress.com/2012/03/07/why-an-inverse-wishart-

prior-may-not-be-such-a-good-idea/



Dependence between variance and correlation

From blog by Simon Barthelmé

https://dahtah.wordpress.com/2012/03/07/why-an-inverse-wishart-

prior-may-not-be-such-a-good-idea/



Alternative priors for the covariance matrix

Scaled inverse Wishart (SIW)
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Separation strategy with LKJ (SSLKJ)
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Obstacle 3 – alternative priors difficult to 

implement in BUGS/JAGS

• Gibbs sampling wants conjugate priors (I’m told…)

• Prior distributions not available

• Solution: Stan!

– Hamiltonian Monte Carlo - conjugacy a non-issue

– Has built-in prior for correlation matrix (LKJ)



Obstacle 4 – Convergence etc. 

• A first try to translate BUGS/JAGS code into Stan resulted in bad looking chains, 
low effective sample size, divergent transitions, high Rhat etc.



Obstacle 4 – Convergence etc. 

• Solution: the Stan manual!

– Reparameterization and vectorization

– Example code



Finally some results – species specific Beta



Finally some results – effect of prior on ∑

Beta (intercept excluded)

Width of HPD interval
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Finally some results – effect of prior on ∑

Rho (correlations between species)

Mean posterior

Width of HPD interval



Finally some results – effect of prior on ∑

sigma (standard deviation)
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Finally some results – effect of prior on ∑
IW SIW

SSIW SSLKJ



What did we learn?

• The Bayesian approach is very flexible – we can model anything!

• Flexibility demanding – we need to make active decisions

• Was it useful? – we won’t know until we’ve tried

• Complex output – but we only need to communicate relevant parts to 

stakeholders

• Bayesian analyses bring things in the open

• Enhanced understanding

• There is lots of help ”out there”

• And more…



Thanks for listening!
Thanks also to Ullrika Sahlin and Johan Lindström for encouragement and inputs of wisdom!

The end



LKJ exhibit less shrinkage with fewer species 



Larger dataset shows that LKJ does not 

necessarily shrink correlations to zero



Slight pattern in residuals



From Zuur, A.F., Hilbe, J.M., Ieno, E.N., 2013. A Beginner's Guide 

to GLM and GLMM with R: A Frequentist and Bayesian 

Perspective for Ecologists. Highland Statistics.

Apparently a common problem with

”observation-level random effects”



LKJ prior

Taken from Scott Baldwin’s site “Psychstatistics”

http://www.psychstatistics.com/2014/12/27/d-lkj-priors/

3x3 correlation matrix


