Métodos
multidimensionais
baseados em modelos



Tipos de métodos

* Agrupamento
* EcoMix

* Ordenacao
* ecoCopula
* boral
* gllvm
* Constrained quadratic ordination (CQO)

* Joint-species distribution models

* Inferencial
* HMSC
* mvabund



Motivacao

* Problemas de abordagens baseadas em distancia em lidar com a
relacao média-variancia da abundancia
e Confundem posicao e dispersao (multivariada)

* Mal desempenho com grandes conjuntos de dados
* eDNA, microbioma, metabarcoding etc

* Utiliza mvGLMs para ajustar modelos para cada espécie
individualmente
» Utiliza alguma forma de aleatorizacao para gerar estatistica do teste
* Permite testar o efeito das covariaveis em cada espécie
* Permite realizar predicoes utilizando coeficientes do modelo
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Motivacao

* Problemas de abordagens baseadas em distancia em lidar com a
relacao média-variancia da abundancia
e Confundem posicao e dispersao (multivariada)

* Mal desempenho com grandes conjuntos de dados
* eDNA, microbioma, metabarcoding etc

* Utiliza mvGLMs para ajustar modelos para cada espécie
individualmente
» Utiliza alguma forma de aleatorizacao para gerar estatistica do teste
* Permite testar o efeito das covariaveis em cada espécie
* Permite realizar predicoes utilizando coeficientes do modelo



O que sao métodos baseados em
modelos?

* Métodos estatisticos paramétricos que capturam propriedades chaves
de dados multivariados
* Abundancia
* GLMs

e Variaveis correlacionadas
* Reamostragem
e Fatores aleatorios



Methods in Ecology and Evolution

Methods in Ecology and Evolution 2012, 3, 89-101 doi: 10.1111/j.2041-210X.2011.00127.x

Distance-based multivariate analyses confound
location and dispersion effects

David I. Warton'*, Stephen T. Wright' and Yi Wang'?

2. Strong mean-variance relationship

Presence/absence

* Métodos “tradicionais” baseados em distancia (algoritmos)
focam apenas nas espécies que tém maior variancia

* |gnoram propriedade da média-variancia da

abundancia (zeros e SADs)
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2015

So Many Variables: Joint
Modeling in Community
Ecology

David I. Warton,'* F. Guillaume Blanchet,” Robert B. O’Hara,®
Otso Ovaskainen,*®° Sara Taskinen,® Steven C. Walker,? and
Francis K.C. Hui’

Model-based thinking for community ecology

David I. Warton * Scott D. Foster
Glenn De’ath - Jakub Stoklosa  Piers K. Dunstan



. - BRITISH
Methods in Ecology and Evolution E o e Resultados de Warton et al. 2012 foram

MGt ee gRurdiieRiietl B IEIa =100 doi: 10.1111/2041-210X.12739 enviesados por simularem comunidades com alta
FORUM diferenca de abundancia e igualmente usarem
Distance, dissimilarity, and mean—variance ratios in um conj dados que tem essa caracteristica
ordination (corais)

* Usam dados de abundancia nao transformados
* Transformacao dos dados resolve o problema

David W. Roberts

* Transformacao pelas linhas nao resolve o

. . BRITISH
oroblema Methods in Ecology and Evolution B e
° Mesmo em dados que néo tém grandes Methods in Ecology and Evolution 2017, 8, 14081414 doi: 10.1111/2041-210X.12843
diferencas de abundancia total entre locais FORUM
(diferentes apenas na posicio), métodos The central role of mean-variance relationships in the

baseados em distancia confundem posicdo com  analysis of multivariate abundance data: a response to
variancia e dizem que ha diferenca entre locais  Roberts (2017)

David I. Warton*' () and Francis K. C. Hui?



Vantagens de abordagens baseadas
em modelos

Methods in Ecology and Evolution 2015, 6, 399-411 doi: 10.1111/2041-210X.12236

SPECIAL FEATURE

°® COntrOIa r propriedades espl:' riaS dOS dados NEW OPPORTUNITIES AT THE INTERFACE BETWEEN ECOLOGY AND STATISTICS

Model-based approaches to unconstrained ordination

. : = 1,2,% - 3 . 4 s 1,5
Y D I a g n Ose d O m Od e I O Francis K.C. Hui , Sara Taskinen®, Shirley Pledger”, ScottD. Foster” and David |. Warton

e Selecao de modelos e inferéncia (AIC/BIC)
e Medidas de ajuste (Log likelihood) e 95% IC

e Usa AIC para selecionar o melhor nimero de cluster ou de variaveis latentes (eixos
pra representar os dados)

* Velocidade para lidar com grandes quantidade de dados
e Eficiéncia
e Usa uma distribuicao de probabilidade que permite modelar explicitamente o
processo que gerou os dados

e Controla para diferenca de esforco de amostragem entre locais (offset=site)
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Problemas de abordagens baseadas
em modelos

* Impossivel fazer predicoes, porque nao sao modelos estatisticos
formais

* Transformacoes (e.g., Hellinger) nao lidam com distribuicoes
extremamente enviesadas (zero inflated e forte dominancia)



Métodos para Agrupamento
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Determining marine bioregions: A comparison of quantitative
approaches

Nicole Hill* @ | Skipton N. C. Woolley?> | Scott Foster? > | Piers K. Dunstan?
John McKinlay® | Otso Ovaskainen*> | CraigJohnson!



Clustering methods Stacked distribution Multispecies Compositional

models distribution models turnover models
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Methods in Ecology and Evolution, Volume: 11, Issue: 10, Pages: 1258-1272, First published: 12 July 2020, DOI: (10.1111/2041-210X.13447)



Conclusoes

* Métodos que analisam explicitamente a resposta de espécies ao
ambiente para encontrarem grupos fornecem melhores resultados do
gue métodos que agrupam primeiro e depois predizem, ou predizem
primeiro e depois agrupam

* Permite incluir informacoes sobre as regioes



Métodos para Ordenacao
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Ecological Monographs, 74(4), 2004, pp. 685-701
@ 2004 by the Ecological Society of America

A NEW TECHNIQUE FOR MAXIMUM-LIKELIHOOD CANONICAL
GAUSSIAN ORDINATION

THoMAS W. YEE!

Ecology, 87(1), 2006, pp. 203-213
@ 2006 by the Ecological Society of America

CONSTRAINED ADDITIVE ORDINATION

Fia. 2. Perspective plot of hunting spiders rank-1 Poisson constrained additive ordination (CAO) model. This is Fig. 1

combined into one plot and uses the original response scale. The species are labeled with the following abbreviations

THoMAS W. YEE!

Alopacce, Alopecosa accentuata; Alopcune, Alopecosa cuneata; Alopfabr, Alopecosa fabrilis; Arctlute, Arctosa lutetiana;

Arctperi, Arctosa perita; Auloalbi, Aulonia albimana; Pardlugu, Pardosa lugubris; Pardmont, Pardosa monticola; Pardnigr
Pardosa nigriceps; Pardpull, Pardesa pullata; Trocterr, Trochosa terricola; Zoraspin, Zora spinimana.

* Baseado em Vector generalised additive
models (VGAMSs)

* N3ao é restrito a familia exponencial

* Pode modelar outros parametros
além da média

* Assim como nMDS, requer que o
usuario especifique o numero de
dimensoes a priori
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Fic. 3. Constrained additive ordination (CAO) diagram of 11 native New Zealand tree species (presence/absence data).
There are 500 sites, and each species has three nonlinear degrees of freedom. The rugplot gives the sites scores ¥,. The
species are labeled with the following abbreviations: Bietaw, Beilschmiedia tawa or tawa; Daccup, Dacrydium cupressinum
or rimu; Eladen, Elaeocarpus dentatus or hinau; Kniexc, Knightia excelsa or rewarewa; Notfus, Nothofagus fusca or red
beech; Notmen, Nothofagus menziesii or silver beech; Notsol, Nothofagus solandri or black beech; Nottru, Nothofagus truncata
or hard beech; Prufer, Prumnopitys ferruginea or miro; Totara, Podocarpus totara or totara; Weirac, Weinmannia racemosa

or kamabhi.
A



Ecological Monographs, 81(4), 2011, pp. 635-663
© 2011 by the Ecological Society of America

Random-effects ordination: describing and predicting multivariate
correlations and co-occurrences

STEVEN C. WALKER' AND DONALD A. JACKSON

Pacote reo (R-forge)

* Assume que abundancia de espécies tém relacao unimodal com gradientes
ambientais

* Usa ML/LASSO para estimar parametros das espécies e locais ao mesmo
tempo

* SO permite usar 2 dimensoes



Methods in Ecology and Evolution

Methods in Ecology and Evolution 2016, 7, 744-750 doi: 10.1111/2041-210X.12514

APPLICATION
BORAL — Bayesian Ordination and Regression Analysis

of Multivariate Abundance Datainr

Francis K.C. Hui*

* Método de ordenacao irrestrita Bayesiano

* Usa MCMC para modelar dados de abundancia, incidéncia, ordinal
(classes) e biomassa e variaveis latentes para modelar correlacao
entre espécies

* Precisa de JAGS no ‘background’ para rodar a MCMC

* Permite levar em conta correlacao entre espécies dado por variaveis
nao medidas (latentes)

* Estima correlacao entre espécies dada por similaridades na resposta a
variaveis ambientais, e também ao remover respostas similares ao ambiente
(variacao “biotica”)

* Permite diagnose do modelo
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Latent variable 1
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Correlacao positiva: “facilitacao” e
negativa: “Competicao”
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Comparison of distance-based and model-based ordinations

Davip W. ROBERTS!

Received: 3 October 2019 Revised: ¢ December 2019 Accepted: 20 December 2019

DOI: 10.1002/ece3.6059

ORIGINAL RESEARCH —  ama WILEY

Should ecologists prefer model- over distance-based
multivariate methods?

Jonathan F. Jupke | Ralf B. Schifer



Conclusoes

* dbRDA e mvabund foram melhores do que CCA e CQO

* t-SNE é melhor que nMDS, mas os dois foram melhores que REO e
BORAL para construir ordenacoes representando tanto espécies
guando locais

* BORAL é muito mais lento comparado a COPULA



Received: 25 September 2018 | Revised: 13 December 2018 Accepted: B January 2019

DOl 10.1002/ece3 4948

ORIGINAL RESEARCH WILEY =2

A pathway for multivariate analysis of ecological communities
using copulas

Marti J. Anderson'? 0 | Perry de Valpine® | Andrew Punnett? | Arden E. Miller*

* Permite criar um modelo conjunto onde cada espécie € modelada
separadamente

* Prop6e uma combinacao de abordagens usando copulas com aquelas
baseadas em dissimilaridade

* Possibilidade de melhor representar incertezas em ordenacoes e
modelos preditivos

* Bastante usada em Economia ha varios anos, mas so recentemente
aparecem em aplicacoes de ecologia



Journal of Multivariate Analysis 165 (2018) 86-100

Contents lists available at ScienceDirect

Multivariate
Analysis

Journal of Multivariate Analysis

journal homepage: www.elsevier.com/locate/jmva

A general algorithm for covariance modeling of discrete data R)

Check for

Gordana C. Popovic **, Francis K.C. Hui ®, David I. Warton * uitee
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Acoplamento de duas variaveis
quaisquer via funcao de
distribuicao cumulativa

Distribuicao de abundancia de duas
espécies de peixes, cada uma modelada
usando uma distribuicao diferente
(binomial negativa e binomial negativa
zero-inflada) e depois combinadas para
obter a distribuicao conjunta

Permite calcular um indice de
associacao interespecifica (/)



P (a)

Characterize marginal
distributions for each -
individual species .Opt.'ona.': .
Y (e.g., using AlCc) Y Identify rare species
(e.g., singletons)
_
N
L T - T d
b
( ) { Not rare ] [ Rare ]

% [ Identify significant associations ]
Associated | among pairs apacks SUEH]
Independent I m A new (N x p) matrix, based

on the model under H, or H,

Y A4

e Simulation
e Prediction

(d)

Simulate
foreac

Repeat
N times

4 :
A new super matrix,

(N(Ngim + 1) X p)

with simulated and
observed data

J ©

Fit (Gaussian) copula
model, estimate

' Optional: apply shrinkage to X

Optional: include richness, S5 |
L / Q)
A

; Calculate

Distances X dissimilarities Dgiy,
among centroids and test statistic

(e.g., pseudo F) for

each Ygim

* Inference
e Power

Ecology and Evolution, Volume: 9, Issue: 6, Pages: 3276-3294, First published: 05 March 2019, DOI: (10.1002/ece3.4948)

e Ordination
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Fast model-based ordination with copulas

Gordana C. Popovic® | Francis K. C. Hui? | David I. Warton?!



Ordination Graphical model

To plot an ordination biplot for presence-absence data pa, we first fit a marginal model using stacl To plot a graph of the spider counts abund, we again first fit a marginal model using stackedsdm or manyglm \

manyglm with family="binomial", then use the copula ordination function cord on the resulting ob family="negative.binomial" (for counts).For graphical models it makes the most sense to first control for
the output. environmental variables, so that associations between taxa control for those. Then we use the copula graph

function cgr on the resulting object, and plot the output.

# fit marginal model
spider_pa <- stackedsdm(pa,~1, data = X, family="binomial",ncores = 2) #egiv. many # fit marginal model

# fit copula ordination spider_nb <- stackedsdm(abund,~., data = X, family="negative.binomial", ncores = 2) #egiv.
spid_lv=cord(spider_pa) # fit copula ordination

# biplot spid_gr=cgr(spider_nb, seed=3)

plot(spid_lv,biplot = TRUE) # biplot

plot(spid_gr, pad=1)
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Latent variable 1

To colour the sites by a predictor, we can create a colour variable.



Received: 7 May 2019 Accepted: 5 September 2019
DOI: 10.1111/2041-210X.13303

_ 3 BRITISH
APPLICATION Methods in Ecology and Evolution E mn

gllvm: Fast analysis of multivariate abundance data with
generalized linear latent variable models in r

mvabund usa GLM pra modelar

, . . . myspsit] . 2 . 1 . 3
espécies ~ amblente e GEE pra Jenni Niku | Francis K. C. Hui® | Sara Taskinen™ | David |l. Warton
modelar vcov(espécies)
Usa uma estratégia diferente Inclui variavel latente

para modelar a correlacio ‘ aleatéria como preditora
entre espécies num GLM



(A) Multivariate generalised linear mixed model (GLMM)
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Warton et al. 2015 TREE
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Model-based ordination for species with unequal niche widths
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* Modelo do gllvm que relaxa o
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Métodos para inferéncia



Residuals vs. Fitted
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(d) Analysis of Deviance Table

Model :

family = "megative binomial")

Multivariate tast:

Res.Df  Df.diff
blocks 12 3
treatment 11 1
blocks:treatment 8 3
Univariate Tests:

Ameira

Dev  Pr(>Dev)
blocks 18.066 0.037
treatment 29.98 0.045
blocks:treatment 7.581 0.493
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o Disturbed

0-5

manyglm({copepods ~ block * treatment,

& o0 o Undisturbed
T T T 1 T T T
1.0 2-0 50 200 500

Mean (log scale)

Dev  Pr(>Dev)
326.1 0.001 ===
106.5 0.008 *=*
48.5 0.063 .
Adopsyllus Ectinosoma
Dev  Pr(>Dev) Dev  Pr(>Dev)}
23.793 0.018 23.113 0.019
0.091 0.986 21.072 0.073
1.294 0.946 0.833 0.946

manyglm
manyany

Mictyricola
Dev  Pr(>Dev)
19.15
21.072

5.269

0.033
0.071
0.493

Methods in Ecology and Evolution

Methods in Ecology and Evolution 2012, 3, 471474 doi: 10.1111/j.2041-210X.2012.00190.x

mvabund — an R package for model-based analysis of
multivariate abundance data

Yi Wang'?, Ulrike Naumann', Stephen T. Wright', and David I. Warton™>*

GLMs para cada espécie
Lida com natureza correlacionada das variaveis por re-
amostragem/permutacao de residuos (PIT residuals)

Advantages of mvabund
(1) Better power properties

PERMANOVA
'Ideal' test

0.1 10 1000 100000

Variance of 'effect species’
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Vantagens do mvabund

* Permitem adicionar o efeito do local explicitamente ao fazer
ordenacoes, controlando assim efeitos de abundancia total do local
na composicao de espécies



Composition - partitioning a and / diversity

We can include row effects in the model, to account for differences across sites in total abundance. All rema
the model then look at relative abundance or composition.

ft_comp=manyglm(Abundances~treatment+offset (log(pitfalls)),

data=data. frame (reveg[-1]),composition=TRUE)

anova(ft_comp,nBoot=99)



We can return to the anova and add a p.uni argument...

an.reveg = anova(NBft.reveg,p.uni="adjusted")
#> Time elapsed: 0 hr 0 min 7 sec

print(an.reveg$uni.p)

#> Acarina Amphipoda Araneae Blattodea Coleoptera Collembola

#> (Intercept) NA NA NA NA NA NA

#> treatment 0.185 0.154 0.985 0.109 0.129 0.31

#> Dermaptera Diotocardia Diplura Diptera Formicidae Haplotaxida

#> (Intercept) NA NA NA NA NA NA

#> treatment 0.985 0.985 0.852 0.378 0.983 0.79

#> Hemiptera Hymenoptera Isopoda Larvae Lepidoptera Polydesmida

#> (Intercept) NA NA NA NA NA NA

#> treatment 0.97 0.57 0.983 0.985 0.983 0.959

#> Pseudoscorpionida Scolopendrida Seolifera Soleolifera Thysanoptera
#> (Intercept) NA NA NA NA NA
#> treatment 0.983 0.983 0.983 0.57 0.983
#> Tricladida

#> (Intercept) NA

#> treatment 0.793

#> attr(, "title")
#> [1] "Univariate Tests:"

Testa quais espécies sao
responsaveis pelo efeito

Equivalente a espécies
indicadoras



err_dist
bernoulli
binomial.count
binomial.prop
poisson
negbin

zip

zinb

zipl

zinbl

zipl.mu
zinbl.mu
gaussian
tweedie

zig

zigl

zigl.mu

ziig

ziigl

ziigl.mu

tab

zitab

err_class
binary
binomial
binomial
count
count
count
count
count
count
count
count
abundance
abundance
abundance
abundance
abundance
abundance
abundance

abundance

percentage

percentage

senlm o.1 ) Get started Reference Articles ~ Changelog

Using the senlm package

Source: vignettes/senlm.Rmd

Installing the senlm package

install.packages("devtools")
devtools::install_github("PRIMER-e/senlm")

Models

The models (mean functions and error distributions) described here are for non-negative data. If it is possible to simulate negative data
from these models (e.g. Gaussian error) then it is understood that those data points will be set to zero. Also, if a mean function takes a
negative value, then the mean function should be set to zero at that location. Any data simulated from a mean function equal to zero,
must be zero.

If the data is Bernoulli or percentage data then the data is bounded inclusively between 0 and 1.
If the data is binomial count data, then then the data is bounded inclusively between 0 and .

The parameters for the mean function are stored in @, the parameters for the error distribution are stored in 8 . The binomial n value,
and the 6 parameter of the tail-adjusted beta are stored in @ .



Modelos conjuntos de distribuicao
de espécies



P/A ~ Env = SDM = Species Distribution Model

P/A~ Env = Stacked SDM if species are

P/A~ Env l indcpcndcnt

P/A ~ N — Multi-Species SDM if estimates for

f gimmTMB(abundance ™ 0 + genus species are connected (e.g. via random
+ env + (env|genus) slopes)

P/A ~ Env X " joint Species Distribution Model

P/A ~ Env + XX (SDM): add covariance between species

P/A ~ — Fits so-called ”species association” —
glmmTMB(abundance ~ 0 + genus species are more/less often found
+ env:genus + (0+genus|site) togc?ther than expected by the

environment alone



Caracteristicas

* Porque joint?

* Possibilidade de modelar cada espécie separadamente testando o
efeito das covariaveis na abundancia/incidéncia

* Particao da variacao
* Inclusao de fatores aleatorios para controlar efeitos do local
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A new joint species distribution model for faster and more
accurate inference of species associations from big community
data

1 o
Maximilian Pichler | Florian Hartig
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Los £
* Eficiente para lidar com grandes G

quantidades de dados

* Ao invés de usar variaveis latentes
usa uma modificacao do Monte 04— -
Carlo 7

Biotic
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Ecology Letters, (2017) 20: 561-576 doi: 10.1111/ele.12757

Joint Species IDEA AND

DiStri bUtion JL1J{a il How to make more out of community data? A conceptual
3 framework and its implementation as models and software
Modelling

. . . : Abstract
Wwith Appllcatlons InR Otso Ovaskainen,'2* Community ecology aims to understand what factors determine the assembly and dynamics of
Gleb Tikhonov," Anna Norberg,' species assemblages at different spatiotemporal scales. To facilitate the integration between con-
F. Guillaume Blanchet,** ceptual and statistical approaches in community ecology, we propose Hierarchical Modelling of
Leo Duan,® David Dunson,’ Species Communities (HMSC) as a general, flexible framework for modern analysis of community

data. While non-manipulative data allow for only correlative and not causal inference, this frame-
work facilitates the formulation of data-driven hypotheses regarding the processes that structure

Tomas Roslin® and
Nerea Abrego®’
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Joint species distribution modelling with the r-package Hmsc

Gleb Tikhonov'? | @ystein H. Opedal®® 0 | Nerea Abrego® | AleksiLehikoinen® |
Melinda M. J. de Jonge® | Jari Oksanen’ | Otso Ovaskainen®?
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SPECIES RESPONSES TO THE
d ENVIRONMENTAL COVARIATES

pH Ca Mg G3, G3, G4, G4,

F

NEGATIVE(%) 23 4 0 8 2 13 0
POSITIVE (%) 37 1 2 12 3 1 1

b VARIANCE PARTITIONING

SPECIES RESIDUALS ORDERED BY
ASSOCIATIONS (CO-OCURRENCE)

Lammel et al Microbiome (2018) 6:106

https//dol.org/10.1 186/540168-018-0482-8 M icrobiome
RESEARCH Open Access

Direct and indirect effects of a pH gradient @
bring insights into the mechanisms driving
prokaryotic community structures

Daniel R. Lammel **@, Gabriel Barth®, Otso Ovaskainen®®, Leonardo M. Cruz', Josileia A, Zanatta’, Masahiro Ryo®,
Emanuel M. de Souza' and Fébio O. Pedrosa’”

Predictor Proportion Explained
G1 (pH) 33%
G2 (Ca+Mg) 6%
G3 (Indirect 1) 18%
G4 (Indirect 2) 10%
random effect 33%
SPECIES RESIDUALS ORDERED BY
PHYLOGENY
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Table Table 2.. Predictive power to disentangle among simulated metacommunity scenarios. E C O G R A P |' \ Y

The values give AUC values for predicting each of the Choices C1-C10 based on 10-fold

cross-validation, using as predictors the output metrics related to each of the five analyses Resefinch
. . — . . . What bservational dat | about met i
types listed in Table 1. The column ALL shows the predictive power if using all output metrics b Sl

42: 1877—1886, 2019

. . H H 0, so Ovaskainen, Joel Rybicki and Nerea Abrego
of the five statistical approaches simultaneously. Values smaller than 75% are not shown to Oroomishey od NI doi: 10,1111 fecog, 04444

emphasize the cases where predictive power is substantial

Statistical approach HAB | BETA | db-VP | db-RDA  JSDM | ALL
C1. presence versus absence of gradient 0.94 0.88 0.82 0.79 0.97 Si mu Iagéo com 10 Cena’ riOS
C2. patchy versus continuous landscape 1 0.99 0.78 0.97 0.92 1 d |fe re ntes

C3. uniform versus varying patch quality

C4. dynamic versus.static patches 0.78 0.82

C5. slow versus.fast patch turnover 0.8 0.93

C6. generalists versus specialists 0.76 0.9 0.96 JSDMS foram oS que

C7. partial versus strict specialists 0.81 melhor ca ptu raram os
C8. variation versus no variation in dispersal strategy processos geradores das
C9. short versus long dispersal 0.87 0.8 0.75 0.93 Comunidades

C10. missing versus not missing covariates 0.87 0.9



OIKOS

Forum - Paper 2022: 608618
doi: 10.1111/0ik.08618
The internal structure of metacommunities

Mathew A. Leibold, F. Javiera Rudolph, F. Guillaume Blanchet, Luc De Meester,
Species Sites Dominique Gravel, Florian Hartig, Pedro Peres-Neto, Lauren Shoemaker and Jonathan M. Chase

Investigacao da contribuicao de
diferentes espécies e locais pra
padroes em escala de
metacomunidades usando HMSC

3. Species can have distributions that vary in the degree to which they are determined by combinations of

the basic community assembly processes depending on features of their ecology (e.g. dispersal and

environmental preferences); and

o B & & S &

N ~

Spatial Autccorrelation Spatial Autocorrelation -~

4. The predominant assembly processes that determine local communities can differ among adjacent sites
Contribution by . . . . . . .
R2 e 0 O . e © 0 O in a metacommunity (e.g. sites that are occupied by species most fit for environmental conditions vs
2
000 025 0% 075 100 SteStOR”  oo0 oom ooz oo oom sites occupied by species in nearby sites that may differ in environmental conditions).
Niche optima Environmental deviation

0.00 0.25 0.50 0.75 1.00 0.0 0.1 02 0.3 0.4 0.5



Como interpretar a co-distribuicao
(associacoes entre especies) derivada da
covariancia dos residuos
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RESEARCH REVIEWS WILEY ?::?::g;ﬁ:hy o
° Abordagens correlativas nao Biotic interactions in species distribution modelling: 10
substituem estudos mecanisticos questions to guide interpretation and avoid false conclusions
° Argumenta para d COmbInaQaO de Carsten F. Dormann?! | Maria Bobrowski2 | D. Matthias Dehling3 |
JSDM com expe rimentos e uso de David J. Harris# | Florian Hartigl> | Heike Lischkeé¢ | Marco D. Moretti? |
. Jorn Pagel® | Stefan Pinkert? | Matthias Schleuning1® |
atrl bUtOS Susanne I. Schmidt!® & | Christine S. Sheppard® @ | Manuel J. Steinbauer1213 © |
Dirk Zeuss14 | Casper Kraan15.16

* Simples associacao espacial entre

== . rve e B R : ;. . ;' o~ s
PCOLOGE LETTERS espécies por si (ou a falta dela) s6 ndo é
Ecology Letters, (2020) 23: 1050-1063 doi: 10.1111/ele.13525 um bom indicativo de interagées bioticas
IDEAS AND * Desenho amostral, variaveis incluidas e
S d I3y Co-occurrence is not evidence of ecological interactions escala espacial sdo essenciais para fazer
o inferéncia de relacoes entre espécies
sirac
F. Guillaume Blanchet,'* There is a rich amount of ipformation in cg-occurrer_u_:e (presence--fgbsence) data that could be L4 Compeﬁdora inferior pode j é ter Sido
Kevin Cazelles? and used to understand community assembly. This proposition first envisioned by Forbes (1907) and

Dominique Gravel’ then Diamond (1975) prompted the development of numerous modelling approaches (e.g. null exclufda do Sistema
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Forum

Do joint species distribution models reliably detect interspecific
interactions from co-occurrence data in homogenous

environments? Ecography

41: 18121819, 2018

Damaris Zurell, Laura J. Pollock and Wilfried Thuiller doi: 10.1 111/ecog 03315

JSDM parecem detectar bem efeitos de
competicao e facilitacao/mutualismo,
mas nao tanto relacoes predador-presa

Valor da correlacdo em si nio reflete forca No entanto, a deteccao d.este sinal
de interacao, pois depende da depende da escala espacial...

prevaléncia das espécies
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Scale dependency of joint species distribution models
challenges interpretation of biotic interactions

Christian Konig? © | Rafael O. Wiiest? > | Catherine H. Graham?© |
Dirk Nikolaus Karger?® | Thomas Sattler®*> | Niklaus E. Zimmermann®4© |
Damaris Zurell'?

Species 2

Species 1

Species association

N -
1.0 -0.5 0.0 0.5 1.0

Journal of Biogeography, Volume: 48, Issue: 7, Pages: 1541-1551, First published: 01 April 2021, DOI: (10.1111/jbi.14106)



Métodos para estimar co-distribuicao (co-
ocorréencia) derivada da covariancia dos
residuos
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Untangling direct species associations from indirect mediator
species effects with graphical models

Gordana C. Popovic' ©© | David l. Warton' " | Fiona J. Thomson? | Francis K. C. Hui®
Angela T. Moles*

* Nova aplicacao de copulas
* Distinguir associacao entre pares de espécies via uma “espécie
mediadora”
* Associacao indireta via outra espécie ou variavel ambiental

* Permite usar dados de abundancia, biomassa, proporcao e ordinal de
forma paramétrica

* Melhor do que gllvm e abordagens baseadas em incidéncia e modelos
nulos para diferenciar entre associacao interespecificas diretas ou
indiretas
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