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Complex modelling
techniques



Bases tedricas de los modelos de distribucidon o de nicho



La distribucion geografica y las posibilidades e inconvenientes
de extraccion de informacion del nicho




Metapopulational
dynamic

a

Living dead

Lack of
surveys




Species inhabit in favourable localities.....but not in all.

Environmental and spatial bias so
Methodological absences < distributional patterns can be temporarily
different.

Dispersal limitations, metapopulational
Contingent absences and/or, source-sink dynamics




Survey etfort Observed richness

Registros de espermatofitas en BIOTA (29-1X-2003) Especies de espermatofitas observadas en BIOTA (29-1X-2003)
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Do we need absence data to extrapolate distributions?
* Not
* Yes

\ What kind of absences?

What kind of predictors?

What is the meaning of the
obtained representation?
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Distribucion potencial y realizada



Potential Distribution

Equilibrium with the
environmental conditions

Realized Distribution

Sa

Role of dispersal limitations,
biotic interactions and other
contingent factors



Realized Potential
Distribution Distribution

Absences selected outside
Background absences environmentally favourable regions.

&éé near to PD



Realized Potential
Distribution Distribution

Absences selected outside
Background absences environmentally favourable regions.

near to RD



How can we obtain relatively reliable absence data?

R-script



YES

Simplified representation of an unknown reality
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What kind of predictors?
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YES

Non-equilibrium with the environmental factors

When absences are selected far from
the environmental conditions prevailing
in the presences the predicted
distribution area is higher.



We need to use the “pure” influence of climate factors

SAM



Models or colour maps?

MaxEnt
Diva-Gis



“Most ecologist would agree that niche is a central concept of ecology,
even though we do not know exactly what it means”

Real & Levin (1991)
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NOT

*Geographic distribution is an empirical evidence (uncertainty principle )

*Fundamental or realized niche cannot be quantified from geographic observations.

L <

Variable 2

Variable 1

Occurrence or abundance are the result of the
role played by multiple limiting factors that
hinder the unveil of the niche.

Distributions do not reflect niches
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Comparative interpretation of count,

presence—absence and point methods for species

distribution models
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sorting bias and calibration with a null model

Rossxt J. Himaxs'

Abstract.  Species distnbution models are usually evaluated with cross-validation. In this
procedure evaluation statistics are computed from model predictions for sites of presence and
abscnce that were not used to train (fi1) the model. Using data for 226 spocwes, from six
regions, and two speaes distribution modeling algonthms (Biockim and MaxEnt), | show that
thas procedure s highly sensitive 10 “spatial sorting baas™ the difference between the
geographic distance from testing-presence 10 training-presence sites and the peographic
distance from testing-absence (or testing-back ground ) 1o traming-presence sites. | propose the
use of pairwise distance sampling to remove this bias, and the use of a null model that only
consaders the geographic distance 1o traaming sites 10 cabibrate cross-valsdaton results for
remaining bias, Model evaluation results (AUC) were strongly inflated: the null model
performed better than MaxEm for 45% and better than Biochim for 67% of the specwes. Spatial
sorting bias and arca under the receiver-operator curve (AUC) values mcreased when using
partitioned presence data and random-absence data instead of independently obtained
presence-absence testing data from systematic surveys, Paimaise distance sampling removed
spatial sorting bias, vickding null models with an AUC close 1o 0.5, such that AUC was the
same as null model calibrated AUC (¢AUC), This adjustment strongly decreased AUC values
and changed the ranking among specics. Cross-validation results for different species are only
comparable after removal of spatial sorting bias and or calibration with an approprate null
model
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Inference from presence-only data; the ongoing controversy

Trevor Hastie and Will Fithian

T Hastie (hastie@stanford.edu) and W. Fithian, Statistics Dept, Stanford Univ., CA 94305, USA.

Presence-only data abounds in ecology, often accompanied by a background sample. Although many interesting aspects
of the species’ distribution can be learned from such dara, one cannor learn the overall species occurrence probability, or
prevalence, without making unjustified simplifying assumptions. In this forum article we question the approach of Royle
et al. (2012) that claims to be able to do this.






Accuracy measurements

*Discrimination

the ability to separate the instances of presence from the instances of absence
Calibration

how well the estimated probability of presence represents the observed

proportion of presences
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Observed proportion of positive cases

Global Ecology and Biogeography; (Global Ecol. Biogeogr,) (2013) 22, 508-516

e LI e Discrimination capacity in species
' MLl distribution models depends on
the representativeness of the
environmental domain

Alberto Jiménez-Valverde'*, Pelayo Acevedo'?, A. Marcia Barbosa*,
Jorge M. Lobo® and Raimundo Real'

Estimated probability
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Measure Calculation

Prevalence (a+ o)/

Overall diagnostic power ~ (B+@ /N
Correct classification rate  (a +(d)/N)

Sensitivity a/(a+ o

Specificity @'+ @)

False positive rate ®&) )+ d)

False negative rate ¢/(a+ o Predicted

Positive predictive power

(PPP) a/(a+@®)

Negative predictive power

(NPP) @ +@

Misclassification rate O+ o)/ND)

Odds-ratio <Jad)/(cbP>

Kappa [(a + d @+ o)a b + d)
d))/N)]/IN — (((a + c)(a + b3

b+ d)(c+d)/N)
NMI n(s) |—a.In(a)—b.In(b) —c.In(c) —d.In(d) +

(a+b).In(a+b)+(c+d).In(c+d)]/[N.In
—(a+c).In (a+c) + (b+d).In(b+e)]

(Youden index = Se + Sp - 1) (Youden
1950)
True Skill Statistics
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ORIGINAL PAPER

Threshold-dependence as a desirable attribute
for discrimination assessment: implications
for the evaluation of species distribution models

Alberto Jiménez-Valverde
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