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Demographic data from
published matrix models for
>1000 species
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Growth, survival, reproduction
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Team science: what is it good for?

* Enables generality in ecology to be tested at global scale
* Assembly of unprecedented data sets

* Establishment of scientific networks

* Training for early career scientists

* Sustainable

* Engagement of diverse knowledge, skills & opinions

* Consensus of interpretation & conclusions



~ nutrient
network Does non-native origin inform on ecology?

Pinjarra Hills, Australia

Burrawan, Australia
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~ nutrient
network

Non-natives are more abundant BUT they are equally
abundant in their native range

v

Non-natives are a biased sample of native
species pool
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Native/non-native range

Jesus Villellas (unpublished data)
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Native/non-native range
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Strong geographic structure in population genomics &
possible environmental filtering in non-native range
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[‘ﬁ] COMPADRE
Plant Matrix Database

e Quantification of plant life history
strategies

* Predicting population performance in
geographic & environmental space



Fast—slow continuum and reproductive strategies
structure plant life-history variation worldwide
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Can we use climate, geography
& phylogeny to predict -
population performance?
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Predictive capacity of geographic distance decays rapidly within 20km
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Ensemble Species Distribution Models
from occurrence data & bioclimatic
explanatory variables
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Ensemble Species Distribution Models
[ﬁ] COMPADRE o ,

from occurrence data & bioclimatic
explanatory variables
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Resistance

In low suitability climates P oL Higher retrogression is
. . . rf . .
retrogression is higher e} associated with longer
T times to extinction
Herbs - * + xwE

=—» Retrogression

Time to quasi-

Climate suitability extinction

Variability in
demographic
performance

Trees ek CVFecundi(y %

i CVF‘rogression
CVStasis

CVRetrogression



Mean
demographic
performance

Fecundity

Progression

Stasis

Herbs - * + xwE
=—» Retrogression

Time to quasi-

Climate suitability extinction

Variability in
demographic
performance

Trees _ kdex CVFecundi(y %

= CVF‘rogression

In low suitability climates Vo
there is more variation in g
fecundity and progression

Higher variation in
progression is associated
Vulnerability with shorter times to
extinction



What happens to populations in low
suitability climates?
* Pockets of resistance even in low suitability

climates — persistence through survival and

shrinkage
* Vulnerability to extinction is increased

through variable survival and growth



e Coordinated & consistent data collection, tied to
interesting questions/hypotheses can lead to useful
and insightful generalisations

* Team science is good for data collection (+ other
benefits)

* Building networks of data collectors leads to strong,
long-term and sustainable projects






Thanks!

* Nutnet data collectors & curators
* COMPADRE & COMADRE data collectors, digitisers & curators
* Plantpopnet data collectors & curators



