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The Problem:SpeciesHabitat ModelingThe Problem:SpeciesHabitat ModelingThe Problem:SpeciesHabitat ModelingThe Problem:SpeciesHabitat ModelingThe Problem:SpeciesHabitat Modeling
� goal: model distribution of plant or animal species
� given: presencerecords

� given: environmentalvariables

precipitation wet days avg. temp.

� � �

� desiredoutput: map of range



BiologicalImportanceBiologicalImportanceBiologicalImportanceBiologicalImportanceBiologicalImportance

� fundamentalquestion:what are survivalrequirements(niche)
of givenspecies?

� core problemfor conservationof species

� �rst step for manyapplications:

� reservedesign
� impact of climate change
� discoveryof new species
� clari�cation of taxonomicboundaries



A Challengefor MachineLearningA Challengefor MachineLearningA Challengefor MachineLearningA Challengefor MachineLearningA Challengefor MachineLearning

� no negativeexamples

� very limited data
� often, only 20-100presencerecords
� usually, not systematicallycollected
� may be museumrecords years or decadesold

� samplebias
� (toward most accessiblelocations)



Our ApproachOur ApproachOur ApproachOur ApproachOur Approach

� assumepresencerecords comefrom probability distribution �

� try to estimate�

� apply maximumentropy approach
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MaxentApproachMaxentApproachMaxentApproachMaxentApproachMaxentApproach

� presencerecords for speciesX:

altitude July temp. � � �
record #1 1410m 16� C � � �
record #2 1217m 22� C � � �
record #3 1351m 17� C � � �
...

...
...

Average 1327m 17:2� C � � �
Stand. Dev. 117m 3:2� C � � �
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MaxentApproach(cont.)MaxentApproach(cont.)MaxentApproach(cont.)MaxentApproach(cont.)MaxentApproach(cont.)

� data allow us to infer many facts, e.g.:
� averagealtitude of speciesX's habitat � 1327m
� averageJuly temperatureof speciesX's habitat � 17:2� C

...
� stand. dev. of altitude of speciesX's habitat � 117m

...
� probability speciesX livesabove1100m� 0.78
� probability speciesX livesabove1200m� 0.62

...

� eachtells us somethingabout true distribution

� idea: �nd distribution satisfyingall constraints

� amongthese,choosedistribution closestto uniform
(i.e., of highestentropy)



This TalkThis TalkThis TalkThis TalkThis Talk

� theory

� maxentwith relaxedconstraints
� new performanceguaranteesfor maxent

� usefulevenwith very large number of features(or
constraints)

� algorithm and convergence

� experimentsand applications
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The AbstractFrameworkThe AbstractFrameworkThe AbstractFrameworkThe AbstractFrameworkThe AbstractFramework

� � = (unknown) true distribution

� given:
� samplesx1; : : : ; xm 2 X

xi � �
� featuresf1; : : : ; fn

fj : X ! [0; 1]

� goal: �nd �̂ = estimateof �

[Della Pietra, Della Pietra & La�ert y]
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MaxentandHabitat ModelingMaxentandHabitat ModelingMaxentandHabitat ModelingMaxentandHabitat ModelingMaxentandHabitat Modeling

� xi = presencerecord

� X = all localities(discretized)

� � = distribution of localities inhabitedby species

� ignoressamplebiasand dependencebetweensamples

� features: useraw environmentalvariablesvk or derived
functions

� linear: fj = vk
� quadratic: fj = v2

k
� product: fj = vkv`

� threshold: fj =
�

1 if vk � a
0 else

� # featurescan becomevery large (evenin�nite)



A Bit More NotationA Bit More NotationA Bit More NotationA Bit More NotationA Bit More Notation

� ~� = empiricaldistribution
� i.e., ~� (x) = # f i : xi = xg=m

� � [f ] = expectation of f with respect to �
(so ~� [f ] = empiricalaverageof f )
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MaxentMaxentMaxentMaxentMaxent

� ~� typically very poor estimateof �

� but: ~� [fj ] likely to be reasonableestimateof � [f j ]

� so: choosedistribution �̂ suchthat

�̂ [fj ] = ~� [fj ]

for all featuresfj
� amongthese,chooseoneclosestto uniform,

i.e., of maximumentropy [Jaynes]

� problem: can badly over�t , especiallywith a large number of
features
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A More RelaxedVersionA More RelaxedVersionA More RelaxedVersionA More RelaxedVersionA More RelaxedVersion

� generally, only expect ~� [f j ] � � [fj ]

� usually, can estimateupper bound on

j~� [fj ] � � [fj ]j

� so: compute�̂ to maximizeH(�̂ ) (= entropy)
subjectto

8j : j~� [fj ] � �̂ [fj ]j � � j

where� j = known upper bound

[Kazama& Tsujii]



DualityDualityDualityDualityDuality

� can show solutionmust be Gibbsdistribution:

�̂ (x) = q� (x) / exp

0

@
X

j

� j fj (x)

1

A
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� can show solutionmust be Gibbsdistribution:

�̂ (x) = q� (x) / exp

0

@
X

j

� j fj (x)

1

A

� in unrelaxedcase,solution is Gibbsdistribution that
maximizeslikelihood, i.e., minimizes:

�
1
m

X

i

ln q� (xi )

| {z }
negativelog likelihood



DualityDualityDualityDualityDuality

� can show solutionmust be Gibbsdistribution:

�̂ (x) = q� (x) / exp

0

@
X

j

� j fj (x)

1

A

� in unrelaxedcase,solution is Gibbsdistribution that
maximizeslikelihood

� in relaxedcase,solution is Gibbsdistribution that minimizes:

�
1
m

X

i

ln q� (xi )

| {z }
negativelog likelihood

+
X

j

� j j� j j

| {z }
\regularization"



EquivalentMotivationsEquivalentMotivationsEquivalentMotivationsEquivalentMotivationsEquivalentMotivations

� maxentwith relaxedconstraints

� log losswith regularization

� MAP estimatewith Laplaceprior on weights �
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How Good Is MaxentEstimate?How Good Is MaxentEstimate?How Good Is MaxentEstimate?How Good Is MaxentEstimate?How Good Is MaxentEstimate?

� want to bound distancebetween�̂ and �
(measurewith relativeentropy)

� can neverbeat \b est" Gibbsdistribution � �

� additional term
� ! 0 as m ! 1
� dependon

� number or complexity of features
� \smoothness"of � �

RE(� k �̂ ) � RE(� k � � ) + additional term



Boundsfor Finite FeatureClassesBoundsfor Finite FeatureClassesBoundsfor Finite FeatureClassesBoundsfor Finite FeatureClassesBoundsfor Finite FeatureClasses

� with high probability, for all � �

RE(� k �̂ ) � RE(� k � � ) + O

 

k� � k1

r
lnn
m

!

(for choiceof � j basedonly on n and m)

� � � = q� � = \b est" Gibbsdistribution
� k� � k1 measures\smoothness"of � �

� very moderatein number of features



Boundsfor In�nite Binary FeatureClassesBoundsfor In�nite Binary FeatureClassesBoundsfor In�nite Binary FeatureClassesBoundsfor In�nite Binary FeatureClassesBoundsfor In�nite Binary FeatureClasses

� assumebinary featureswith VC-dimensiond

� then with high probability, for all � � :

RE(� k �̂ ) � RE(� k � � ) + ~O

 

k� � k1

r
d
m

!

(for choiceof � j basedonly on d and m)

� e.g., in�nitely many thresholdfeatures,but very low
VC-dimension



Main TheoremMain TheoremMain TheoremMain TheoremMain Theorem

� both boundsfollow from main theorem:

� assume8j : j� [fj ] � ~� [fj ]j � � j

� then
RE(� k �̂ ) � RE(� k � � ) + 2

X

j

� j j� �
j j

� precedingresultsare simplecorollaries usingstandard uniform
convergenceresults

� in practice, theorem tells us how to set � j parameters:
usetightest bound availableon j� [f j ] � ~� [fj ]j



Findingan AlgorithmFindingan AlgorithmFindingan AlgorithmFindingan AlgorithmFindingan Algorithm

� want to minimize

L(� ) = �
1
m

X

i

ln q� (xi ) +
X

j

� j j� j j

� no analyticalsolution

� instead,iteratively compute� 1; � 2; : : : so that L(� t )
convergesto minimum

� most algorithms for maxentupdate all weights � j

simultaneously

� lesspractical whenvery large number of features



Sequential-updateAlgorithmSequential-updateAlgorithmSequential-updateAlgorithmSequential-updateAlgorithmSequential-updateAlgorithm

� insteadupdate just oneweight at a time

� leadsto sparsersolution

� sometimescansearch for best weight to update verye�ciently

� analogousto boosting
� weak learner acts as oracle for choosingfunction (weak

classi�er) from large space

� can prove convergenceto minimum of L



ExperimentsandApplicationsExperimentsandApplicationsExperimentsandApplicationsExperimentsandApplicationsExperimentsandApplications

� broad comparison of algorithms
� improvementsby handlingsamplebias

� casestudy

� discoveringnew species

� clari�cation of taxonomicboundaries



NCEASExperimentsNCEASExperimentsNCEASExperimentsNCEASExperimentsNCEASExperiments
[Elith, Graham,et al.]

� speciesdistribution modeling \ bake-o� " comparing 16
methods

� 226 plant and animalspeciesfrom 6 world regions

� mostly 10's to 100'sof presencerecords per species
� min = 2, max = 5822,average= 241.1,median= 58.5

� design:
� training data:

� incidental,non-systematic,presence-only
� mainly from museums,herbaria, etc.

� test data:
� presenceand absencedata
� collectedin systematicsurveys
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ResultsResultsResultsResultsResults
mean AUC (all species)

0.656

0.699

0.699

0.716

0.722

0.725

0.60 0.62 0.64 0.66 0.68 0.70 0.72 0.74 0.76

bioclim

garp

gen©d additive
models

gen©d dissimilarity
models

MAXENT

boosted regression
trees

� newer statistical/machinelearning methods (including
maxent) performed better than more establishedmethods

� reasonableto usepresence-onlyincidentaldata



MaxentversusBoostedRegressionTreesMaxentversusBoostedRegressionTreesMaxentversusBoostedRegressionTreesMaxentversusBoostedRegressionTreesMaxentversusBoostedRegressionTrees

� very similar, both mathematicallyand algorithmically, as
methods for combiningsimplerfeatures

� di�erences:

� maxent is generative; boosting is discriminative
� as implemented,boosting usescomplexfeatures;

maxentusessimplefeatures

� open: which is more important?



The Problemwith CanadaThe Problemwith CanadaThe Problemwith CanadaThe Problemwith CanadaThe Problemwith Canada
� resultsfor Canadaare by far the weakest:

mean AUC (all regions vs. Canada)

0.632

0.560

0.582

0.601

0.656

0.699

0.699

0.722

0.725

0.549

0.551

0.716

0.54 0.58 0.62 0.66 0.70 0.74

bioclim

garp

gen©d additive
models

gen©d dissimilarity
models

MAXENT

boosted regression
trees

all
Canada

� apparent problem: very bad samplebias
� samplingmuch heavierin (warm) south than (cold) north



SampleBiasSampleBiasSampleBiasSampleBiasSampleBias

� can modify maxent to handlesamplebias

� usesamplingdistribution (assumeknown) as \default"
distribution (insteadof uniform)

� then factor biasout from �nal model

� problem: whereto get samplingdistribution



SampleBiasSampleBiasSampleBiasSampleBiasSampleBias

� can modify maxent to handlesamplebias

� usesamplingdistribution (assumeknown) as \default"
distribution (insteadof uniform)

� then factor biasout from �nal model

� problem: whereto get samplingdistribution

� typically, modelingmanyspeciesat once

� so, for samplingdistribution, useall locationswhereany
speciesobserved



Resultsof SampleDebiasingResultsof SampleDebiasingResultsof SampleDebiasingResultsof SampleDebiasingResultsof SampleDebiasing

mean AUC (Canada only)

0.632

0.551

0.549

0.560

0.582

0.601

0.723

0.50 0.55 0.60 0.65 0.70 0.75

bioclim

garp

gen©d additive models

gen©d dissimilarity models

MAXENT

boosted regression trees

MAXENT (w/ debiasing)

� hugeimprovementspossibleusingdebiasing



Resultsof SampleDebiasingResultsof SampleDebiasingResultsof SampleDebiasingResultsof SampleDebiasingResultsof SampleDebiasing

mean AUC (all species)

0.656

0.699

0.699

0.716

0.722

0.725

0.752

0.60 0.62 0.64 0.66 0.68 0.70 0.72 0.74 0.76

bioclim

garp

gen©d additive models

gen©d dissimilarity models

MAXENT

boosted regression trees

MAXENT (w/ debiasing)

� hugeimprovementspossibleusingdebiasing



Interpreting MaxentModelsInterpreting MaxentModelsInterpreting MaxentModelsInterpreting MaxentModelsInterpreting MaxentModels

� recallq� (x) / exp(
X

j

� j fj (x))

� for eachenvironmentalvariable, can plot total contribution to
exponent

value of environmental variable
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threshold, b=1.0 threshold, b=0.01
linear+quadratic, b=0.1

aspect elevation slope

precipitation avg. temperature no. wet days
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CaseStudy(cont.)CaseStudy(cont.)CaseStudy(cont.)CaseStudy(cont.)CaseStudy(cont.)

� accuratelycapturesrealizedrange

� did not predict other wet montaneforest areaswherecould
live, but doesn't

� examinedpredictionsof maxenton six of these(chosen
by biologist)

� found all had characteristicswell outsidetypical rangefor
actual presencerecords

� e.g., four siteshad July precipitation � 5 standard
deviationsabovemean



FindingNewSpeciesFindingNewSpeciesFindingNewSpeciesFindingNewSpeciesFindingNewSpecies
[Raxworthy et al.]

� build modelsof several
gekkos and chameleonsof
Madagascar
(� 10-20presencerecords
each)

� identify isolatedregions
wherepredictedbut not
found



FindingNewSpecies(cont.)FindingNewSpecies(cont.)FindingNewSpecies(cont.)FindingNewSpecies(cont.)FindingNewSpecies(cont.)

� combineall identi�ed
regionsinto singlemap



FindingNewSpecies(cont.)FindingNewSpecies(cont.)FindingNewSpecies(cont.)FindingNewSpecies(cont.)FindingNewSpecies(cont.)

� combineall identi�ed
regionsinto singlemap

� many regionsalreadywell
known areasof local
endemism



FindingNewSpecies(cont.)FindingNewSpecies(cont.)FindingNewSpecies(cont.)FindingNewSpecies(cont.)FindingNewSpecies(cont.)

� combineall identi�ed
regionsinto singlemap

� many regionsalreadywell
known areasof local
endemism

� surveyregionsnot previously
studied

?

?

?
?

?

?

? ?

?



NewSpeciesNewSpeciesNewSpeciesNewSpeciesNewSpecies

� result: discoveryof manynew species(possibly15-30)

Thanks to Chris Raxworthy for all maps and photos!



Clarifying TaxonomicBoundariesClarifying TaxonomicBoundariesClarifying TaxonomicBoundariesClarifying TaxonomicBoundariesClarifying TaxonomicBoundaries
[Raxworthy et al.]

� \cryptic species": classi�edas singlespecies,but suspected
mixture of � 2 species

� sometimes,maxentmodel is wildly wrong if trained on all
records

� but model is much more reasonableif trained on each
sub-populationseparately

� givesstrong evidenceactually dealingwith multiple species

� can then follow up with morphologicalor geneticstudy



Phelsuma madagascariensis subspecies

Phelsuma mad. grandis

Phelsuma mad. kochi

Phelsuma mad. madagascariensis

One species Three species

?

?

This slide courtesy of Chris Raxworthy.



SummarySummarySummarySummarySummary

� maxentprovidescleanand e�ective �t to habitat modeling
problem

� works with positive-onlyexamples

� seemsto perform well with limited number of examples

� theoretical guaranteesindicatecan be usedevenwith a very
large number of features

� other nice properties:
� easyto interpret by humanexpert
� can be extendedto handlesamplebias

� manybiologicalapplications


