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Missing Data 
• Very general concept


• One example: Censoring


• Prevalent in ML


• Some labs missing for some patients


• Not straightforward to handle


• Ignore? 


• Impute?


• Adjust for some other way?



Some Types of Missing Data 
• Missing Completely at Random (MCAR)


• Lab samples damaged during transport




Some Types of Missing Data 
• Missing Completely at Random (MCAR)


• Lab samples damaged during transport


• Simply dropping —unbiased




Some Types of Missing Data 
• Missing Completely at Random (MCAR)


• Lab samples damaged during transport


• Simply dropping —unbiased


• Missing at Random (MAR)


• Elderly patients are more likely to miss appointments


• No unobserved factors at play




Some Types of Missing Data 
• Missing Completely at Random (MCAR)


• Lab samples damaged during transport


• Simply dropping —unbiased


• Missing at Random (MAR)


• Elderly patients are more likely to miss appointments


• No unobserved factors at play


• Handling with right statistical approach should be unbiased




Some Types of Missing Data 
• Missing Completely at Random (MCAR)


• Lab samples damaged during transport


• Simply dropping —unbiased


• Missing at Random (MAR)


• Elderly patients are more likely to miss appointments


• No unobserved factors at play


• Handling with right statistical approach should be unbiased


• Missing Not at Random (MNAR)


• Patients with worsening conditions can drop out 




Some Types of Missing Data 
• Missing Completely at Random (MCAR)


• Lab samples damaged during transport


• Simply dropping —unbiased


• Missing at Random (MAR)


• Elderly patients are more likely to miss appointments


• No unobserved factors at play


• Handling with right statistical approach should be unbiased


• Missing Not at Random (MNAR)


• Patients with worsening conditions can drop out 


• Most challenging



• Think about medical studies you read:


• What data were missing?


• How did the authors handle it?


• Were they explicit about their approach?


• Why might the approach to missing data matter?
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• Think about medical studies you read:


• What data were missing?


• How did the authors handle it?


• Were they explicit about their approach?


• Why might the approach to missing data matter?


• Robustness / sensitivity analyses


• Try out different approaches / compare to each other


• Check (if possible) your modeling assumptions

Handling Missing Data



• Troponin I: Protein found in heart muscle cells


• Leaks into blood in the event of heart attack


• Missing Troponin I measurement: which type?
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• Troponin I: Protein found in heart muscle cells


• Leaks into blood in the event of heart attack


• Missing Troponin I measurement: which type?


• missing not at random


• the missingness itself indicates lower risk of heart attack


• Consider a predictive model for heart attack, which uses as a 
feature troponin I measurements


• What happens if we impute assuming its missing at random?


• Overestimate the risk of heart attack

Wrong Modeling Introduces Bias



Survival Analysis

See optional readings 1 & 2 on mlhcmit.github.io

• Different censoring reasons


• Loss-to-follow-up


• End-of-study


• Ongoing recruitment


• Uninformative censoring?


• 


• T: time-to-event


• C: time-to-censoring


• X: Baseline patient features

T ⊥⊥ C ∣ X

http://mlhcmit.github.io


Kaplan-Meier (KM) Curve

See optional readings 1 & 2 on mlhcmit.github.io

http://mlhcmit.github.io


Kaplan-Meier (KM) Curve

See optional readings 1 & 2 on mlhcmit.github.io

Nonparametric
Not personalized

http://mlhcmit.github.io


https://colab.research.google.com/drive/1Mg_vX-IjvxHSyC7FObrjcYHY2guhoR0j?usp=sharing

CoxPH Models (Semi-parametric)

• Personalized (depends on X)


• Proportional Hazards (PH) assumption


• : Hazard Ratio (HR) of X(j)exp(β( j))

Hazard Function
λ(t ∣ Xi) = λ0(t)exp(βXi)

https://colab.research.google.com/drive/1Mg_vX-IjvxHSyC7FObrjcYHY2guhoR0j?usp=sharing
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CoxPH Models (Semi-parametric)
• Proportional Hazards (PH) assumption:


• Can we check this assumption?
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• This implies that the hazard curves 
across subgroups cannot cross
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CoxPH Models (Semi-parametric)
• Proportional Hazards (PH) assumption:


• Can we check this assumption?


• This implies that the hazard curves 
across subgroups cannot cross

Hazard Function
λ(t ∣ Xi) = λ0(t)exp(βXi)

See optional readings 1 & 2 on mlhcmit.github.io

How to estimate  non-parametrically?


Most common: Breslow estimator


Alternative: Parametric CoxPH model

λ0(t)

https://colab.research.google.com/drive/1Mg_vX-IjvxHSyC7FObrjcYHY2guhoR0j?usp=sharing
http://mlhcmit.github.io


Parametric CoxPH

Slide from https://mlhcmit.github.io/slides/lecture9.pdf (pages 4 and 5)

https://mlhcmit.github.io/slides/lecture9.pdf


More parametric options
Accelerated Failure Time Models (AFT)

Effect of covariates: 


Delay/accelerate time-to-event


Model time-to-event directly

Can do the parametrization with 


neural nets too (see notebook)

log(T ) = β(1)X(1) + … + β(p)X(p) + σϵ
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