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Ensemble pruning aims to reduce ensemble members to achieve similar or better 
performance than the ensemble of all members. It can offer the advantage of saving 
computational time or physical resources that would be consumed by excluded members.  
In our previous research on electronic health record (EHR) narratives de-identification1, we 
applied a variety of information extraction methods including deep learning, shallow 
learning, and rule-based approaches.  
We created a voting ensemble method that combines twelve de-identification models.  
Although the voting ensemble yielded better performance than individual models, ablation 
tests revealed that some models did not contribute to the performance of the voting 
ensemble.  
In this study, we present a pruning method that allows one to automatically determine 
the voting threshold (i.e., number of members voting for one annotation) and the optimal 
combination of de-identification models.

Introduction

The input for this method is the predictions from each model.  
We performed 10-fold cross-validation on the 2014 i2b2 NLP 
challenge2 training set to acquire these predictions. This 
procedure is to maximize the micro-averaged F1 score with 
strict entity matching, where both the text span and 
identifiers category exactly match the reference annotations.  

- We began with an ensemble containing all individual 
models ranked with the F1 score measured during cross-
validation on the training set.  

- At each step, we subsequently excluded one model 
such that the F1 score was the highest without the 
model.  

- These steps continued until the performance was no 
longer improved. This procedure was repeated for each 
voting threshold to obtain a subset of de-identification 
models.  

We chose the voting threshold that yielded the best 
performance.
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Results of a pruned ensemble, an ensemble 
with all members, and the best individual 
model. 

Abstract

Ensemble pruning aims to reduce ensemble 
members for better performance and save 
computational costs. 
Our pruning method can automatically determine 
the voting threshold and the optimal combination of 
information extraction models. 
In the iterative pruning process, performance 
degradation is prevented by excluding a model that 
is least helpful at each step. 
The application for text de-identification showed 
that the pruned voting ensemble achieved a 
higher performance than an ensemble using all 
models.

Figure shows the results measured with a pruned voting ensemble, an 
ensemble with all models, and the best individual de-identification model on the 
2014 i2b22 test sets.  
Note that the y-axis scale in each graph does not start at zero to focus on the 
value ranges of interest.  
The results with voting thresholds ranging from one to six are presented. The 
precision rates increase as the threshold gets higher and voting pruning (red-
colored curve) achieved 97.9% precision.  
As shown in the Figure, when the voting threshold was set to two with a pruned 
ensemble (with 4 members), it achieved the highest F1 score (95.6%), 
significantly better than the corresponding ensemble including all members 
(blue-colored curve) and the best individual model (black-colored line) at the 
95% significance level.
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