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Introduction & Motivation

Herd Immunity

Image source: http://nrvs.info/faqs/herd-immunity-or-community-immunity/

• 23% of Canadian children do not have their 

basic immunizations

• More than ⅔ of Canadians do not receive their 

flu vaccinations each year

• The Budget allocated $25 million dollars to 

vaccination efforts



Research Question

• What is the probability that Canadian households will receive their flu shot?

• Canadian Community Health Survey (2009-2014)

• Probit model for variable identification; random forest classifier

• Training set: 2009-2013

• Testing set: 2014

Result: This model can identify individuals at risk of not getting their flu 

shot.



Dataset

Canadian Community Health Survey

• Train: 2009-2013, Test: 2014

Includes details on health conditions, demographics, and life 
style

• 1,381 variables; 65,000 respondents sampled each year

Manually curated large groups of relevant variables

Turned categorical variables into binary variables

Excluded individuals with missing data (e.g. refused to 
declare or didn’t know vaccination status)

• < 1% of observations



Methodology: Data Preparation and Analysis

• Dependent Variable: Flu shot in the last 12 months

• Focused on demographic and behavioural characteristics

• Age

• Smoking activity

• Estimation of several probit models to identify variables and groups of 

variables with highest explanatory power

• Final probit model (2012): Pseudo R2 = 0.1519

• Identified 47 variables that were intrinsically and statistically significant in 

predicting vaccination outcomes



Variable Selection:  Marginal Effects

Variables
Marginal Effect on Probability of Getting Flu 

Shot

Province of residence*** QC: 10.86% less likely – NS: 5.45% more likely

Diabetic*** 11.89% more likely

Having a young child (age 0 – 5)*** 11.47% more likely

Uses a cell phone while driving*** 11.27% less likely

Getting a regular checkup*** 9.37% more likely

Not wearing a seatbelt while driving** 8.9% less likely

Asthmatic*** 8.89% more likely

Heart disease*** 8.52% more likely

Having a family doctor*** 7.35% more likely

Daily smoker*** 7.29% less likely

Cancer*** 7.15% more likely

Didn't attempt to find a doctor*** 6.59% less likely

Chooses health for food content*** 6.56% more likely

Female*** 6.18% more likely

Arthritis*** 5.57% more likely

Divorced, widowed, or separated*** 4.21% less likely

Has strong social relationships*** 4.15% more likely

Self-perceptions of good health** Excellent health – 2.98% less likely

Married or common-law*** 2.94% less likely

Frequently exercises*** 2.57% more likely

University degree*** 2.35% more likely



Random Forest Classification
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Identifying a Subset of Features

• Attribute evaluation 

found to agree with  

probit models

• Top 5-10 indicate 

highest potential for 

discriminability

• Compare subset of 

features to all features 

and compare 

performance



Baseline Results

• Random Forest found to 

be stable with good 

performance.

• Subset of features were 

found to increase 

performance, but not 

across age groups.

• ‘Young’ individuals were 

difficult to classify.



Identifying Appropriate Age Split Threshold
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Final Classification Model
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• Trained on 2009-2013 Data

• Tested on 2014 Data

• Age Segregation at initial decision node

• 25 Decision Trees, Tree Depth Max. of 20, 

Randomly selecting across all 47 features

NPV: 80% PPV: 96%

Overall Accuracy: 70%



Conclusion & Future Directions

• Survey data can be used to accurately identify people that can benefit from 

vaccination interventions:

• Promote herd immunity

• Identify high-risk individuals

• Different identification strategies for people above / below 60 can allow 

vaccination resources to be efficiently

Age

Identify people who do not get shot 
to help high-risk individuals

Identify people who do get flu shot

 everyone else can be contacted 
promote herd immunity in the most 
efficient way possible

60 + < 60



Thank you!

Questions?

Come check out our poster at DATA DAY!




