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Policy decisions

• What would we like to know 
about a public health 
programme or intervention?


1. What is the benefit?


2. Is it cost-effective?


• In an ideal world we would 
evaluate interventions by 
measuring the effects directly. 


• In many cases, a controlled 
trial is ethically or logistically 
impossible



What can a model be used for?



Linear vs. Non-linear Approaches

When is a linear approach appropriate? 

• If intervention target groups are not epidemiologically important


• If the effects of a program or intervention in a given group are expected to be 
almost entirely direct


!

When is a linear approach not appropriate? 

• When an intervention affects a pathogen’s ecology 


• When the intervention affects disease transmission
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Ping Yan, PHAC



An important distinction

Statistical Models 

• describe associations between 
variables


• used to derive parameter 
estimates from empirical data

Mathematical Models 

• provide a framework that 
represents the proposed 
causal pathways


• Describe mechanisms that link 
exposures, interventions, 
infection and/or disease


• Used to make projections/
predictions

Theory/ 
ModelData



Estimate the causal effect of the intervention

• What would have 
happened in the absence of 
the intervention? 

• Need to estimate the 
“counterfactual”.  

• Compare the counterfactual 
with what happened with 
the intervention in place = 
estimate of the intervention 
effect

Garnett et al. 2011



Tuite et al. 2009 



An example: projecting the impact of a pandemic 
influenza vaccination program

Tuite, Kwong, Fisman & Greer, 2010



Model predicted pH1N1 dynamics in the absence 
of vaccination

Tuite, Kwong, Fisman & Greer, 2010



Assessing vaccination program design and rollout

• There are too many different options to 
try to assess using trials.  

• What is the goal of the vaccination 
program? 

1. Minimize transmission? 

2. Minimize morbidity and mortality? 

Key uncertainties include: vaccine 
dosage, vaccine effectiveness, logistics 
of vaccine delivery, non-pharmaceutical 
interventions, and severity estimates

Tuite, Kwong, Fisman & Greer, 2010



Projected impact of vaccination program 
compared to the counterfactual scenario

Tuite, Kwong, Fisman & Greer, 2010

Vaccination Strategy



Estimate changes in an outcome that are difficult 
and/or costly to measure

• The outcome of interest might be rare or may not occur 
for a long time. 

• If there is an intermediate outcome that can be measured 
than a model can be used to extrapolate forward to the 
outcome of interest (in the absence of data on that 
specific outcome). 

Garnett et al. 2011



An example: HPV vaccine programs

Guzzetta et al. 2014

Intermediate outcomes 
(infections and lesions)



Working with Knowledge Users and Stakeholders

1. Formulating the research question  

2. Developing a plan regarding the most suitable 
methodology & type of model

Simple Complex

TACTIC MODELS 

• specific research question


• look more “realistic” 


• results tend to be more quantitative


• limited relevance beyond the question of 
interest

STRATEGIC MODELS 

• make many assumptions to draw general 
conclusions


• appear “over-simplified”


• results tend to be more qualitative


• may not be readily applied to specific questions
Ping Yan, PHAC



Working with Knowledge Users and Stakeholders

Everyone needs to have a clear understanding of the model 
structure in order to judge the results and outputs
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Tuite et al., unpublished



Working with Knowledge Users and Stakeholders

Parameter values  

• definitions, values, ranges, and where the values came 
from (observation, extracted from previous studies, or 
estimated by fitting to data?)  

• What values are being fit in the model (not 
independently measured)? 

Assumptions 

• What are they and how realistic are they?



Assessment of Model Predictions with Data

• Can the model reproduce 
the observed data?  

• If the data are limited, 
different sets of 
parameters might fit 
equally well  

• Quantifying this uncertainty 
is important: uncertainty in 
parameterization can result 
in uncertainty in 
intervention effectiveness
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Discussion (1)

• Growing demand for the evaluation of health programs 
and accountability and efficiency in program 
implementation 

• Available data and appropriate modeling techniques can 
help to elucidate the relationships between inputs and 
effects and can provide credible evidence regarding 
programs and interventions.  

• Modeling can also be a confusing black box



Discussion (2)

Decision making in times of public health crisis 

• In some cases good data is not available and yet 
decisions need to be made. Often by the time good data 
is available it’s too late. Models in this case, can be a 
useful strategy but we need to be clear about the 
limitations. 



Defining our roles

Modelers 

• explain the models clearly


• be rigorous in quality 
assurance


• provide full documentation


• strive to excel in both 
communication and technical 
skills


• provide transparent analyses 
that can be replicated by 
others

Non-Modellers 

• formulate the questions 
systematically


• engage with modeling


• give sufficient consideration to 
the choices and technical 
difficulties that can be involved 
in modelling programmes


• be aware of the time and 
resources required for good 
quality modeling (it’s not an 
inconvenient and rushed add-
on)

Garnett et al. 2011


