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A competing risks model with two competing events: Alzheimer’s disease and 
death,                 and                  are the cause-specific hazards.

We applied our Super Learner to the data from Clalit EHR (up to 25 
years of follow-up), as part of the drug-repurposing study of anti-diabetic 
treatments for Alzheimer ’ s disease, and compared the effects of 
metformin vs sulfonylurea, on the time to Alzheimer’s disease onset and 
the time to (competing) death (without prior AD).

Both the continuous-time and discrete-time Super Learners yield 
similar results and the same conclusion: treatment with metformin is 
associated with lower cumulative probability of both Alzheimer ’ s 
disease and competing death compared with sulfonylurea.

Background

Method

An ensemble approach which provides a flexible, data-adaptive 
framework for optimally combining traditional statistical models and 
modern machine learning algorithms, with the goal of more robust 
estimation of complex functionals. For example:

where                  is the hazard estimate of Super Learner,              is the 
estimate of the k-th candidate learner,        is its optimal weight, t is time and 
x are the covariates.

A Super Learner combines K candidate learners through an optimal 
convex combination via weights   selected by cross-validation, to 
minimize a loss function.

The Super Learner was first introduced almost 20 years ago. However, 
there are no existing Super Learner approaches, developed specifically 
for right-censored time-to-event data with competing risks.

We extend the Super Learner to a competing risks setting, which targets 
estimation of cause-specific hazards in both continuous-time and 
discrete-time settings.

Simulations

Comparison of conditional cause-specific hazard estimates under 
simulated data without a common unmeasured risk factor, for a 
representative covariate setting. The Super Learner model (left) 
performs better than Random Survival Forest (RSF, right), a flexible 
non-parametric method that tends to exhibit high variance.

Comparison of conditional (on x) cause-specific hazard estimates under 
simulated data with a common unmeasured risk factor, for a 
representative covariate setting. The Discrete Super Learner model (left) 
exhibits smaller bias than the Multinomial Logit Model (MLM, right). By 
combining multiple machine learning methods (e.g., SVM, KNN, 
XGBoost), the Discrete Super Learner provides greater flexibility, 
although this may lead to increased variance.
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Coutinuous-time Super Learner: 
we transform the data into 2 group. 
E,g, for a dataset of 3 observations:
                                                   
Group 1:

Group 2:        
 

Discrete-time Super Learner: we   
t rans fo rm da ta  to  augmented  
matrix. For example, an obsevation
                   :  we discretize the time 
into intervals                      where  
                                              

Continuous-time Super Learner loss  is Discrete-time Super Learner 
loss is

N* is the total raw of the augmented matrix.
       is the one-hot code for the estimated 
cause-specific hazard of Observation i, Event j.

falls  in      ,     the 
augmented matrix for 
this observation is:

       is the v-th fold test data,                   is the estimated cause-specific 
hazard for Observation i, Event j, using the training data of Fold v.


