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1. Introduc-on 

Types of model 

observed 
distribu-on 

environmental 
factors 

predicted 
distribu-on +  = 

Significant extra data 
requirements / assump-ons 

•  Can be broadly broken down into presence‐only and 
presence‐absence, by data requirements 

P‐O 

P‐A 

or 

Types of distribu-on data  Types of distribu-on data 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Why use presence only models? 

Ideal scenario 

‐  Good spa-al 
coverage 

‐  Reliable absence 
data 

‐  Comparable level 
of effort between 
cells (loca-ons) 

Why use presence only models? 

Ideal scenario 

‐  Good spa-al 
coverage 

‐  Reliable absence 
data 

‐  Comparable level 
of effort between 
cells 

Reality* 

‐  Sparse data 
‐  O]en poten-al 
false absences 

‐  Frequently not  
standardised effort 

‐  Very difficult to 
prove absence 
* At least in the marine realm 

fundamental niche:  
poten2al to survive, grow, reproduce 
•  physiological tolerance (abio-c)  
•  resources (bio-c & abio-c) 

realised niche:  
actual survival, growth, reproduc-on 
•  compe-tors, predators,  
 parasites & pathogens (bio-c) 

  non‐normal response curves 
  occurrence ≠ op-mal condi-ons 
  poten-ally several niche  
 configura-ons    

Niche concepts  Example modelling methods 

Envelope Models 
•  BIOCLIM, DOMAIN, Mahalanobis distance, RES/
AquaMaps 

Canonical Methods  
•  ENFA, discriminant analysis 
Regression Techniques 
•  GLM, GAM, generalized dissimilarity models, 
(boosted) regression trees, MARS  

Machine learning methods 
•  GARP, ar-ficial neural networks, MAXENT 

•  Species distribu-on modelling is somewhat 
less frequent in the marine realm 

Terrestrial vs. marine 

•  84 of 995 (< 8.5%) of SDM papers from 1991 
to 2008 were ‘marine’ (Macpherson, pers. 
comm.) 

•  Why is this?  

 ‐  Sampling more challenging, and data 
 requirements more difficult to meet? 

2. Examples of 
presence‐only marine 

models 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Aquamaps 

Kaschner et al. (2008) 

•  Automa-cally generated maps for >9,000 
marine species 

•  Maps can be reviewed and verified by experts 

•  Based on (supplemented) environmental 
envelopes (modified RES model) 

•  Developed for par-cularly data‐poor 
situa-ons 

Aquamaps 

Kaschner et al. (2008) 

Cold‐water stony corals 
on seamounts 

•  Maxent and ENFA 
•  Modelled habitat 
suitability for 
deep‐sea stony 
corals on 
seamounts 

•  Three‐
dimensional 
approach 

Ti:ensor et al. (2009) 

500‐750m depth layer 

Mapped to seamount summits 

Effects of ocean acidifica-on on cold‐
water corals: seamount refugia 

Ti:ensor et al. (in review) 

LOW  HIGH 

Habitat suitability 

Pe
rc
en

ta
ge
 o
f c
el
ls
 

Present‐day 

2099 

Atlan-c benthos > 30N 

Atlan-c seamount summits > 30N 

Present day benthos 

2099 benthos 

Impacts of climate change on marine 
biodiversity 

•  Another example TBA 

Cheung et al. (2009) 
•  Bioclimate envelope model 

3. Methods 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BIOCLIM 

•  requires only presence 
•  rec-linear envelope  

  does not cope well with 
collinearity or interac-ons 
among predictors 

•  h:p://www.diva‐gis.org/ 

presence  environment 

environmental predictor 

cu
m
ul
a-

ve
 

pr
es
en

ce
 

e.g. Farber & Kadmon 2003 Ecological Modelling 160: 115‐130 

RES / AquaMaps 

RES: Kaschner et al. (2006) 
Aquamaps: Kaschner  et al. (2008) 

Slide: J.Ready 

•  Trapezoidal 
response curve 

•  Developed 
specifically for 
marine environment 
and data 

DOMAIN 

•  requires only presence 
•  ellip-c envelope  

Mahalanobis distance: 
D2 = (x – m)T C‐1 (x – m) 
NB: assumes normality 

•  R base: mahalanobis() 

e.g. Carpenter et al. 1993  
Biodiversity & Cons. 2: 667‐680 

Mahalanobis 
distance 

e.g. Corsi et al. 1999  
Conserva-on Biology 13: 150‐159 

•  requires only presence 
•  point‐similarity envelope 

Gower metric: 

•  h:p://www.diva‐gis.org/ 

centroid 

variance‐ 
adjusted distance 

Environmental Niche Factor 
Analysis (ENFA) 

•  Species niche is a subset of the global environment. 

•  Species set of EGV differs from global set by: 
–   Marginality (devia-on from the global mean) 
–   Specialisa-on (niche breadth) 

σG 

µG 

Fr
eq
ue
nc
y 

Altitude 

Global 
Species 

σS 

µS 

Environmental Niche Factor Analysis 
(ENFA) 

•  compares condi-ons at 
presence locali-es to ‘global’ 
condi-ons 

•  computes an alterna-ve set 
of axes (factors): 
 Marginality 
maximizes difference in means 

 Specialisa2on  
maximizes variance ra-o 

•  NB: assumes normality 
•  www.unil.ch/biomapper/  

presence & 
background  environment 

variable 1 

va
ri
ab
le
 2
 

marginality 

specialisa-on 

re-projection 

e.g. Brotons et al. 2004 Ecography 27: 437‐448 

Gene-c Algorithm for Rule‐set Predic-on 
(GARP) 

•  uses data on presence & 
(pseudo)absence 

•  genes = rules/func-ons 
 chromosome = rule set 

•  3 rule types: atomic 
(threshold), range & logit 

•  non‐parametric 
•  binary output 
•  predictors’ contribu-ons to 

solu-on unknown 
•  www.lifemapper.org/ 
 desktopgarp/ 

initial random set of 
chromosomes (sets of rules) 

chromosome replication 
based on fitness 
(prediction success) 

gene mutation 
cross-over 
joining 

selection for fitness 
& dissimilarity 

test against data 

nex
t ite

rati
on 

e.g. Peterson et al. 1999 Science 285: 1265‐1267 



10/23/09 

5 

Maximum entropy models (MAXENT) 

Distn. of max. entropy 
(unconstrained) 

Distn. of max. entropy 
(coin toss) 

Phillips et al. (2006) 
Phillips et al. (2008) 

•  Based on Shannon’s 
entropy 

•  Presence and 
background data 

•  Iden-fies sta-s-cal 
distribu-on that best 
fits observed data 
while minimizing 
constraints (maximizing 
entropy)  

•  Maximum likelihood 
approach with op-mal 
solu-on 

Maxent (con-nued) 

•  5 constraint types:  
–  Linear 
–  Quadra-c 
–  Product 
–  Threshold 
–  Binary 

•  Thus can fit a wide 
variety of 
distribu-on 
func-ons 

•  Good at handling  
 correlated 
predictor variables 

3. When should I use a 
presence‐only model? 

Albacore tuna 
1960s & 1990s 

Japanese longlining 
data 

E.g. Myers & Worm (2003) 
Worm et al. (2005) 

Japanese longlining data 

•  >20 billion hooks from 1950 to 
1999! 

•  Yet s-ll some 5 deg cells in which 
species were not caught, but are 
listed as present by FAO 

The rela-onship between effort and 
presence 

Scheidat, Gilles et al, 
(unpublished data) 

Ti:ensor & Worm (in prep) 

Albacore catch (1960s) 

Albacore catch (1990s) 

 Log effort (hooks) 
10^2             10^8 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When should you use a presence‐only 
model? 

•  If you have reliable absence data, it is be:er to 
use a P/A model (Elith et al. 2006) 

•  However, it is be:er to use a presence‐only 
model rather than a P/A model with 
problema-c absence data 

•  Otherwise you can be inaccurately 
represen-ng species niche 

Presence‐only model valida-on 

•  How to test model performance? 
•  Field is evolving extremely rapidly 

•  Threshold‐independent metrics have recently 
been developed (e.g. AUC, Phillips et al. 2006) 

•  Cross‐valida-on important to prevent over‐
fi{ng 

Built models using presence or  
presence‐inferred absence data 

Tested using true presence‐absence 
data 

Elith et al. (2006) 

How do presence‐only models 
perform in comparison to P/A models? 

GOOD 
INTERMEDIATE 

LEAST GOOD 

AquaMaps / RES 

Ready et al. (accepted) 

•  Compares well with exis-ng 
methods 
•  Inclusion of expert knowledge 
tends to improve predic-ons 

Which method should I use? 

•  Depends on your problem 
•  I am most familiar with ENFA and Maxent and 
both complement one another – ENFA is easily 
interpretable, Maxent tends to perform be:er 
under cross‐valida-on 

•  I would thus advise implemen-ng mul-ple 
methods to get a robust understanding of 
species‐environment rela-onships. 

5. Challenges and 
dangers 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Presence‐only challenges 

•  Spa-al autocorrela-on not yet able to be 
resolved in presence‐only models (Dormann et 
al. 2007) 

Marine‐specific challenges 

•  Inherently three‐
dimensional environment 

•  Best approach depends 
on organism – benthic, 
pelagic, mid‐water? 

•  Model the volume in 
which a species lives, not 
just the ‘area’ 

Mismatch between seamount samples and bathymetry 

Depth of sample – depth of bathymetry 
‐3000           0      6000 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More (marine) challenges 

•  Highly correlated 
environmental 
variables can 
present model 
iden-fiability issues 

Sea surface temperature 

Sea surface dissolved O2 

General modelling challenges 

•  Poten-al scale mismatches between drivers 
and observa-ons 

•  Bio-c interac-ons 

•  KEY ASSUMPTION: Samples cover the range of 
environmental space occupied by a species 

Dangers 

•  Over‐fi{ng 
•  So]ware packages are terrifically easy to use 
(which means they are o]en applied with 
insufficient thought) 

•  Modelling poten-al vs. realized niche, and 
understanding that difference. 

•  Insert sasquatch paper 

•  Modelling without using biological & 
ecological knowledge of organism(s) under 
study is foolish  

(2009) 
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6. Conclusions 

In conclusion 

•  Presence‐only methods are very useful when 
absence data are unreliable 

•  Ideal for data compiled from non‐standardised 
or effort‐corrected sources (e.g. museum 
collec-ons, mul-ple surveys with different 
methodologies) 

In conclusion 

•  Performance compares well to presence‐
absence models 

•  Many opportuni-es as studies in the marine 
environment are limited. 

•  Field is evolving very rapidly, so important to 
keep an eye on the literature. 

Thank you 

•  Kris-n Kaschner 
•  Jana MacPherson 
•  Boris Worm 
•  UNEP 
•  FMAP 
•  LenFest founda-on 

•  I have key papers and so]ware in a range 
modelling library on my flash drive for anyone 
who wants 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AquaMaps:  
Environmental envelopes 

Probability  

Absolute  
minimum 

Absolute 
 maximum 

Op-mal range 

Environmental 
layer 

Depth: derived from published  
informa-on about habitat usage 

METHOD  AquaMaps: 
Environmental envelopes 

Probability  

Observed 
 min 

Observed 
 max 

Op-mal range 
10th to 90th  
percen-les 

Environmental 
layer  
values  

SST, Salinity, PP, Sea ice concentra-on: 
  derived from point data  

75th 
percen-le +
(IQR*1.5) 

25th 
percen-le  
‐(IQR*1.5) 

IQR = interquar-le range 

Slide: courtesy J.Ready 

METHOD 

AquaMaps: Expert input METHOD 


