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Model ComplexityModel Complexity
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How complex should a model be???How complex should a model be???



Ontario Rabies Model (ORM)Ontario Rabies Model (ORM)

IndividualIndividual--based “animal” spatial based “animal” spatial 
simulation disease model simulation disease model 
configured for raccoonsconfigured for raccoons

(MS Excel user interface)

Simulates:Simulates:

•• raccoon population dynamicsraccoon population dynamics

•• raccoon rabies viral transmissionraccoon rabies viral transmission

•• rabies control strategiesrabies control strategies(Rabies spreading across 
virtual landscape)



Determining Complexity through Sensitivity Determining Complexity through Sensitivity 
AnalysisAnalysis

Model Model 
applicationsModel development:Model development: applications

Benefits of Benefits of 
sensitivity sensitivity 
analysis:analysis:

Define Define 
systemsystem

Develop Develop 
modelmodel

Sensitivity Sensitivity 
analysisanalysis

!! Check for Check for 
proper model proper model 
functionalityfunctionality

!! Define key Define key 
parametersparameters

!! Model Model 
parsimonyparsimony

Validity Validity 
testingtesting



Problems of Model Selection with Current Problems of Model Selection with Current 
Sensitivity Analysis TechniquesSensitivity Analysis Techniques

↑↑ realism       realism       
(more parameters)(more parameters)

↓↓output confidence output confidence 
(more (more outcome outcome 

uncertainty)uncertainty)

1. Do not measure trade1. Do not measure trade--off between:off between:

2. Pitfalls of null hypothesis significance testing:2. Pitfalls of null hypothesis significance testing:

Probability Probability 
(result|H(result|Hoo))

Sample Sample 
sizesize

UninformativeUninformative



Overcome Problems by using Overcome Problems by using Akaike’s Akaike’s 
Information Criterion (AIC)Information Criterion (AIC)

AIC = AIC = --2log2logee(l((l(θ |data)) + 2K|data)) + 2K

Model with the smallest AIC is Model with the smallest AIC is 
the best model at the best model at 

approximating truth, given the approximating truth, given the 
other models, and the dataother models, and the data
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Incorporating AIC into Sensitivity AnalysisIncorporating AIC into Sensitivity Analysis

Two step process:Two step process:

ANOVAANOVA

Quantify effect of Quantify effect of 
parameter(s) on the parameter(s) on the 
response variablesresponse variables

Test main, additive, and Test main, additive, and 
interaction effects of the interaction effects of the 
parametersparameters

AICAIC

Measure benefit of including parameter at cost of Measure benefit of including parameter at cost of 
increasing outcome uncertaintyincreasing outcome uncertainty



Overview of ANOVAOverview of ANOVA--AIC Sensitivity AnalysisAIC Sensitivity Analysis

1.  Goals:1.  Goals: !! Check for proper Check for proper 
model functionalitymodel functionality

!! Define key Define key 
parametersparameters

!! Model Model 
parsimonyparsimony

2.  Demographic sensitivity analysis:2.  Demographic sensitivity analysis:

•• Check demographics 1Check demographics 1stst (in absence of rabies)(in absence of rabies)

3.  Disease sensitivity analysis:3.  Disease sensitivity analysis:

•• Check disease parameters and key Check disease parameters and key 
demographic parametersdemographic parameters



Experimental DesignExperimental Design

Parameter inputsParameter inputs

Full factorial design of 3 Full factorial design of 3 
parameters at 3 levelsparameters at 3 levels

Organise parameters Organise parameters 
into groups of 3into groups of 3

Run each Run each 
parameter set parameter set 
10 times10 times

M = male dispersal l = low
F = female dispersal m = medium
L = litter size h = high

low (1/2 medium)low (1/2 medium)

medium (best biological estimate)medium (best biological estimate)

high (2x medium)high (2x medium)

3333 = 27 unique = 27 unique 
modelsmodels



Demographic Response Variables Demographic Response Variables 
(assessing effects of parameters)(assessing effects of parameters)

1.1. Total populationTotal population

2.2. Time to stable populationTime to stable population

3.3. Spatial variance: mean ratioSpatial variance: mean ratio

4.4. Temporal variance: mean ratioTemporal variance: mean ratio

5.5. Centre temporal cell variance: mean ratioCentre temporal cell variance: mean ratio

6.6. Moran’s IMoran’s I

time

po
pu

la
ti o

V:M = 0 V:M = 0 "" uniformuniform
V:M = 1 V:M = 1 "" randomrandom
V:M > 1 V:M > 1 "" clumpedclumped

< 0 < 0 "" not like not like neighboursneighbours

0 0 "" ““likelike”” with with ““likelike””

> 0 > 0 "" randomrandom
n

Select representative response variables or some effects might bSelect representative response variables or some effects might be missed!e missed!



Disease Response Variables Disease Response Variables 
(assessing effects of parameters)(assessing effects of parameters)

1.1. Total populationTotal population

2.2. Spatial variance: mean ratio Spatial variance: mean ratio 

3.3. Total number of rabies cases after 1 yearTotal number of rabies cases after 1 year

4.4. Maximum number of rabies casesMaximum number of rabies cases

5.5. Time to maximum number of casesTime to maximum number of cases

6.6. Disease persistenceDisease persistence

7.7. Disease durationDisease duration

8.8. Rate of spreadRate of spread

9.9. Mean distance of spread

Column 15Column 15

Mean distance of spread

(15 x 20 virtual landscape)

Select representative response variables or some effects might bSelect representative response variables or some effects might be missed!e missed!



ANOVAANOVA--AIC Sensitivity AnalysisAIC Sensitivity Analysis

1.  Perform ANOVA on 27 unique 1.  Perform ANOVA on 27 unique 
models of each sensitivity testing groupmodels of each sensitivity testing group recallrecall……

2.  Generate a mean square error term 2.  Generate a mean square error term 
(MSE) for 11 ANOVA models(MSE) for 11 ANOVA models

3.  Use the MSE to calculate an AIC value3.  Use the MSE to calculate an AIC value

AIC =AIC = nlognlogee((MSEMSE xx errorDFerrorDF / n) + 2K/ n) + 2K



ResultsResults
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Example of Example of 
demographic sensitivity demographic sensitivity 
analysis group:analysis group:

A = male dispersalA = male dispersal

B = female dispersalB = female dispersal

C = litter sizeC = litter size

A + B + C + ABC A + B + C + ABC 
always the best! always the best! 
(accounted for (accounted for 

the most the most 
variation)variation)
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ConclusionsConclusions
Demonstrated expected Demonstrated expected 
functionalityfunctionalityORM ORM modellingmodelling

conclusions: Identified key parameters Identified key parameters 
(e.g. litter size)(e.g. litter size)

Model is parsimoniousModel is parsimonious

conclusions:

AIC sensitivity analysis conclusions:AIC sensitivity analysis conclusions:

!! Overcomes pitfalls of null hypothesis significance testingOvercomes pitfalls of null hypothesis significance testing

!! Measures whether inclusion of a parameter to improve model Measures whether inclusion of a parameter to improve model 
fit outweighs cost of increased outcome uncertaintyfit outweighs cost of increased outcome uncertainty

!! Still yields benefits of other sensitivity analysis techniquesStill yields benefits of other sensitivity analysis techniques
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