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Joint species modelling

— BEAUTIFUL IN THEORY, TRICKY IN PRACTICE

Martin Stjernman
Biodiversity, Lund University




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
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Land use variable 2

What we have — a nice design

A

Land use variable 1
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What we have — counts of farmland birds

Farmland Bird Index

Skylark
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Requirements/Complications

« We need a statistical model (a function) y=XB+Zb

» estimated coefficients/parameters which can be applied to new
environmental data — make predictions!

» handle hierarchical design structure (e.g. repeated sampling, different
observers)

Abundance
« 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) Abundance|

Landuse
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Alternatives (1n “'the old days™)

« Separate models for each species v -
2 e —  ee—
— Many models and some rare species may not be possible to gUeEbDE Gk kel
= emperature (°
analyse
— Combining results from independent models may yield 5y
unrealistic predictions x
« Combine species into one response variable (e.g. calculate a e S
diversity measure) and use one model Preoptatn (mm)
. . . Clark, J.S. et al, 2014. Ecological Applications 24, 990-999.
— Differential responses to land use among species get
hldden Abundance |
« 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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Joint (Species Distribution) Models
— the beautiful solution?

S Methods in Ecology and Evolution

© 2010 by the Ecological Society of America Methods in Ecology and Evolution 2014, 5, 397406 doi: 10.1111/2041-210X.12180

Understanding co-occurrence by modelling species

simultaneously with a Joint Species Distribution Model
(JSDM)
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Modeling species co-occurrence by multivariate ]ogistic regression
generates new hypotheses on fungal interactions
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Joint (Species Distribution) Model
—the beautiful solution?

All species modelled simultaneously in one model _
Species specific parameter estimates : ﬁ }}}}}}
Co-variance between species explicitly modelled | |
Rare species "borrow information” from common ones -]
Model based 2:1;0 o Bl R 5 0 W T
+ Hierarchical structures handled “easily”
+ Non-normality “allowed”
+ Prediction straight-forward
Bayesian approach
+ Uncertainty a natural part
+ Flexible
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The joint species distribution model (JSDM)

PI’(Y!'I' = 1) = Pr (Z!'j >O),f01’f= l,...n;j=1,....J
Z,NN](X,B*,Z)
By ~ N(l,0r),fork =1,.. ., K,

pI‘Obit(Pl‘( Y,, = 1)) — Bj] + BJQXQ + Bj3X,'3 + ...+ Bj]{X,'K

Nj is a J-dimensional multivariate normal with mean

Ml‘:XiB
and (co)variance
011 *° Oyj
r=|: t | ~IW (v, ID)
G 9

eqn |

eqgn 2

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.

J = number of species
n = number of sites
K = number of predictors
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Obstacle 1 — Y 1s not presence/absence, it 1s counts

Solution: log-normal Poisson

Yij ~P0isson(/1ij)
loge ALNN](MUZ)
Mi == XlB
Bjk NN(.u'k) O-k)
I~IW (v, ID)




Iandscape
L2849
L3150
L3561

L 4070
L5773
L5938
L5976
L5988
L6947
L7248
M 11302
M 12991
M 13244
M 13796
M 15214
M 15383
M 2254
M 2309
M2513
M 3593

props
0.2600593
06258302
03950910
05703815
05248976
02333683
03078030
05066363
0.4158179
09292678
06234740
0.2858895
0.8996028
0.2744053
02767520
0.4341488
03740899
03282152
04217499
0.4859801

The joint species abundance model (JSAM)

cropdiv

4.467176
4799281
4.987755
3272301
4.059385
4595032
5.217727
4697553
4258684
3.416658
2.900524
5.173932
5.897584
3741237
5.567941
4370607
5.904620
3762388
5.050077
4069314

propext
0.06294152
024146014
037667812
0.49937412
051760892
0.11889575
0.06220410
034022991
0.03202513
055522148
066427233
0.05656681
0.08294380
020313826
0.19040167
0.43027679
023522910
0.40596042
0.18564488
0.49338046

sapropfall

0.88855607
0.36185381
0.26628964
0.26587040
0.35237225
0.99876119
0.43539510
0.24204348
0.86805625
0.23844964
0.46789207
0.49769899
0.60896012
0.28671050
0.40235930
0.109963207
0.22893972
0.17552783
0.05492339
0.14232452

pell.
-1.09159141
-0.80625838
1.76577742
1.14614201
071851307
131782212
-1.14368276
1.26410461
-1.23097200
0.03993775
1.84205490
-1.41280407
1.60606297
-1.16250659
-0.87422880
073399600
069826415
0.03749908
010322672
-0.35122512

jbareal.
2784827
2815711

2484926
166.2826
2522779
171.4564
2875416
289.6409
200.8104
137.7008
197.7780
2921280
2308710
283.9605
2549337
2427315
268.2696
142.4877
2847593
2305300

Land use

Data model
Distribution(Mu,

Species land
use

Linear
predictor

Co)-variation in
species'

0,

Observer

Bird
abundances
Y

L2849
L2849
L3150
L3150
L3561
L3561
L4070
L 4070
L5773
L5772
L5938
L5038
L5976
L5976
L5988
L5088
L6947
L6947
L7248
L7248

landscape  observer

Y;j ~P0isson(ll-j)
loge )l'iNIVj (Mui,Z')
Mul- = Xl-Beta + Zb
Betajj, ~N (uy, 0y)

[

Ms 1 1 5
YH [ [ [
YH 0 0 a
PO 1 o 2
YH 0 4 0
D 0 6 o
o} o 4 0
PO 1 1 o
Mo 1 H 0
Ms 1 H 1
YH 0 3 2
Mo 0 7 3
Mo 0 0 7
YH 0 0 B
YH 0 4 0
D o 10 1
YH 0 o o
D o 0 1
YH 0 0 2
Ms 0 1 5
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S~IW (v, D)
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Obstacle 2 — The prior for )

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

dahtah

about

Why an inverse-Wishart prior may not be such a
good idea

‘While playing around with Bayesian methods for random effects models, it occured to me that inverse-
‘Wishart priors can really bite you in the bum. Inverse \Wishart-priors are popular priors over covariance
functions. People like them priors because they are conjugate to a Gaussian likelihood, i.e, if you have data

Y1 .- ¥nwitheach Y;:

Search this Blog

Search this Blog

Recent Posts

Superpixels in imager
Mew version of imager package
for image processing

vecpack: an R package for
packing stuff into vectors

Mew features in imager 0.30

¥ir= JV{D‘- S} New features in imager 0.20
so that the ¥;'s are comelated Gaussian vectors, and you wish to infer the correlation matrix 8, then putting
Archives
an inverse-Wishart prior on § is convenient because the posterior distribution is very easy to sample from
March 2017
From blog by Simon Barthelmé
https://dahtah.wordpress.com/2012/03/07/why-an-inverse-wishart- LUND

prior-may-not-be-such-a-good-idea/
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Dependence between variance and correlation

Low variance High variance

0.5 - 20
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e o IS et Correlation coefficient
Variance of the first component
From blog by Simon Barthelmé LU ND
https://dahtah.wordpress.com/2012/03/07/why-an-inverse-wishart- UNIVERSITY
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Alternative priors for the covariance matrix

inverse Wishart (IW)
S~IW(v,ID)

Separation strategy with IW (SSIW)
X=ARA
Aii = O0j Aisdiagonal
R=1A,04,
1

(ACI)ii = \/Q_u

Q~IW (v, ID)
o;~Cauchy*(0,5)

A, is diagonal

Scaled inverse Wishart (SIW)
X=AQA
Aii = fi A'is diagonal

Q~IW (v,ID)
&~N7*(0,1)

Separation strategy with LKJ (SSLKJ)
X=ARA
Aii = Oj Ais diagonal

R~LKJ(1)
g;~Cauchy*(0,5)

Barnard, J., McCulloch, R., Meng, X.-L., 2000. Modeling covariance matrices in terms of standard deviations

and correlations, with application to shrinkage. Statistica Sinica 10, 1281-1311.

Lewandowski, D., Kurowicka, D., Joe, H., 2009. Generating random correlation matrices based on vines and

extended onion method. Journal of Multivariate Analysis 100, 1989-2001.

Simpson, Matt,2012, “Prior distributions for covariance matrices: the scaled inverse-Wishart prior”, blog @

http://www.themattsimpson.com/2012/08/20/prior-distributions-for-covariance-matrices-the-
scaled-inverse-wishart-prior/

Alvarez, |., Niemi, J., Simpson, M., 2014. Bayesian inference for a covariance matrix, in: Song, W. (Ed.),
Annual conference on applied statistics in agriculture. Kansas State University Libraries, New Prairie

Press, Manhattan, Kansas.
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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)

UNIVERSITY



Obstacle 4 — Convergence etc.

 Afirst try to translate BUGS/JAGS code into Stan resulted in bad looking chains,

low effective sample size, divergent transitions, high Rhat etc.

Rhat n_eff mean sd 2.5% 50% 97.5%

115 20 0.35 0.925 -1.16 -0.15 2.61

[J Include warmup

Kernel Density Estimate Autocorrelation

o
o III
0
25 . 25

00 0
Beta_raw[10,3]

10 - 20
| |
WY ) " b J'
ol h ‘ Ii. .lhhl'p.law‘l.;lﬂ.u. Ihml "I'I""' ‘,:,T.i‘..‘u:"‘l!m'_hll 'r|

) ﬂﬁm
w,'A .IJ..dti:.-..‘."l H ”’I‘L:iﬂl ‘lll i FL ) L‘mjg...w“ “'IN *
Vi | | & " | L VLAWY l‘J

\
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Obstacle 4 — Convergence etc.

« Solution: the Stan manual!
— Reparameterization and vectorization
— Example code

Rhat n_eff mean sd 2.5% 50% 97.5%
1 10000 0.01 0.22 0.47 0.01 042

[J Include warmup

Kernel Density Estimate Autocorrelation
©0s I
H

0 .-_
-10 05 00 05 10 o )
Beta[10,1] lag

Trace
1

1]

m

[Mirmmyrrmammeesemsddnpterthi b vt s e L s A Lo bt sk e A e e ke ) |

Stan Modeling Language

User’s Guide and Reference Manual

Stan Development Team

Stan Version 2.14.0

Monday 26™ December, 2016

©

mc-stan.org
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Finally some results — species specific Beta
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Finally some results — effect of prior on )

Beta (interce;

ot excluded)

Width of HPD interval
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Finally some results — effect of prior on )
Rho (correlations between species)

Width of HPD interval

Rho
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Finally some results — effect of prior on )
sigma (standard deviation)

sigma
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Correlation
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inally some results — effect of prior on )
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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...
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The end

Thanks for listening!

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

formas

H Forskningsradet Formas ;s

0,)f &
Formas framjar framstaende forskning for hallbar utveckiing LU ND
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LKIJ exhibit 1

ess shrinkage with fewer species

Location 5 or 10 species model

Location 5 or 10 species model
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Larger dataset shows that LKJ does not
necessarily shrink correlations to zero
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Slight pattern in residuals
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Mean fitted
Obs sum = 27 Obs mean = 0.409



218 7 Binomial, Beta-binomial, and Beta GLMM applied to Cheetah Data

Random effects:

Groups Name Variance Std.Dev.

Eps (Intercept) 0.62099 0.78803

fZoo (Intercept) 0.00000 0.00000
Number of obs: 87, groups: Eps, 87; fZoce, 8

Fixed effects:
Estimate std. Error z value Pr(>|z|)

7.4 Binomial GLMM using a frequentist approach 219

and the random effects z; and &

>z <- ranef (M2) $fZo¢$"' (Intercept) '
> Eps <~ ranef (M2)$EpsS' {Intercept)"

The final requirement is a vector with values identifying which
observations belongs to a particular zoo:

> re <- as.numeric(ZD3fZ%oo)

calculating

{Intercept) -2.86900 0.31221 -5.189 < 2e-16
cLSize -0.32280 0.12098 -2.668 0.007626 We now have all required components to calculate the predictor
cVisitors -0.02220 0.11102 -0.200 0.841534 fonction eta and probabilities of stereotypic behaviour pi.
fFeeding2 -0.68762 0.24484 -2.808 0.004%879 > eta <- X $*% Betas + z[re] + Eps
fOoc2 0.26309 0.25101 3.837 0.000125 > pi <- expleta) / (1+ exp (eta))
fOther? 0.27294 0.2389¢ 1.171 0.241460 > fitted(M2) - pi
fEnrichment2 0.13473 0.26567 0.507 0.612073
fGroup2 -0.85641 0.22000 -3.893 9.91le-05 The results of the final line are not presented here but include only
fSex2 0.05347 0.20214 0.265 0.791390 zeros, indicating that the fitted function applied to a glmer gives
cEnclosure  -0.07352 10.11001 ~-0.668 0.503951 fitted values that include the random intercepts. This should not be a
cVehicle 0.24409 0.12485  1.855 0.050571 problem if we are aware that fitted values may contain both the covariate
cAge =0, 45834 0 10620 =1 273 0 1c0z9c
The est 1 -
o th s Apparently a common problem with ot nice
with Zoo y
observatio: ) . | d ff t tain the
e s observation-level random effects
£Group al
As par e

residuals and plot them against the fitted values (Figure 7.5), against all
covariates in the model, and against all covariates not in the model. The
first graph, plotting residuals versus fitted values, shows a patt

st e ot " eIy Tin e model gives a
perfect fit. This is becanse the glmer function includes the random
. effects in the fitted values. To demonstrate this, we can calculate the fitted
values ourselves. First we calculate the matrix X with all the covariates.

> X <- model.matrix( ~ cLSize + cVisitors +
fFeeding + £0c¢ + fOther + fEnrichment +
fGroup + fSex + cEnclosure + cVehicle +
cAge, data = ZD)

The first column of X contains ones, the second column is the
cLSize values, etc. Categorical variables are included as a column with
the values C and 1. Next we extract the estimated regression parameters:

> Betas <- fixef (M2)

N B Figure 7.5. Pearson
“ -’ : . residuals plotted
L TR ¢ versus fitted values
. CBy® e 9,00 for the binomial
s S - v GLMM with random
_ ° ".,‘;u: ‘e intercept Zpo and
g ug o e observation-level
E 1. o random intercept.
elf

T T T T T T T T
000 005 010 WI5 020 026 030 035

fitted(M2, type = "response")

From Zuur, A.F., Hilbe, J.M., leno, E.N., 2013. A Beginner's Guide
to GLM and GLMM with R: A Frequentist and Bayesian

Perspective for Ecologists. Highland Statistics.



LKIJ prior

Visualization of a correlation from the Ikj_corr density in Stan
for various values of the shape parameter

4=

3x3 correlation matrix

Shape
n=>50
2 n=10
gz- n=5
.5_'-,' n=2
n=1
El]:ﬂl.ﬂl

1_—-

-0.5 0.0

; 0.5
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Taken from Scott Baldwin’s site “Psychstatistics” LUND
http://www.psychstatistics.com/2014/12/27/d-lkj-priors/
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