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Word  sense  disambiguation  (WSD)	


•  Words have multiple meanings (senses) 
o  Ice: (1) frozen water; (2) methamphetamine; (3) caspase-1 
o  PD: (1) police department; (2) peritoneal dialysis; (3) posterior 

descending … 

•  Given ambiguous word in context, assign a sense 
o  A classification task: fword(context) = sense 

•  Critical step for many clinical NLP applications 
o  Text indexing & categorization 
o  Named entity extraction 
o  Computer-assisted review 
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Current  state  of  the  art	

•  Approaches 

o  Unsupervised learning (Liu’01,Xu’12) 
o  Supervised learning (Liu’04, Xu’06,Wu’15) 
o  Semi-supervised learning (Liu’02, Yu’06) 
o  Active learning (Chen’13) 

•  Key to better performance:  
    more high-quality labeled data 
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Our goal: Train an 
accurate WSD model 
with as few labels as 

possible 



Asking  for  labels	

•  Random sampling 

•  Active learning (Settles’08, Chen’13) 

o  Machine asks instance with biggest uncertainty 
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Expert  knowledge  >  labels	

 

•  Without looking at examples, experts already know 
typical contexts for a sense  
o  AB (blood type): “blood”, “positive”, “negative”, … 
o  AB (influenza type): “influenza”, “flu”, “seasonal”, … 

•  Algorithm may not ask the right question 
o  Especially at the very beginning: labels are few 
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Invite  experts  to  search!	


•  Include context words in queries 

•  Kick off classifier training with typical examples 

•  Efficient when working with big data sets 

•  Increase the chance of seeing rare senses 

7 

Go	
blood type AB |	


…  The  patient  is  blood  type  AB  positive  …	

…  maternal  blood  type  was  AB  negative  …	

…  She  is  blood  group  AB  positive  …	




Contents	

•  Background & Motivation 

•  A new interactive learning framework 
o  Design 
o  Implementation 

•  Evaluation 

•  Conclusion 
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ReQuery-­‐‑ReClassify  (ReQ-­‐‑ReC)	
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Implementing  ReQ-­‐‑ReC	
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•  ReQuery loop 
o  Search engine: Apache Lucene fulltext indexer 
o  Query generator: variant of Rocchio’s method in information retrieval 
o  Expert: approve, edit, or compose queries 

•  ReClassify loop 
o  Classifier learner: one-vs.-rest logistic regression model 
o  Document selector: margin active learning 
o  Expert: provide labels 



Contents	

•  Background & Motivation 

•  A new interactive learning framework 
 

•  Evaluation 
o  Data Sets 
o  Methods 
o  Performance metric 
o  Results 

•  Conclusion 
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•  MSH: MEDLINE abstracts 
•  VUH:  clinical notes, Vanderbilt U Hospital 
•  UMN: clinical notes, U of Minnesota Fairview Hospital 
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Evaluation  datasets	


#ambiguous  
words	


#sense/
word	


#contexts/
word	


#tokens/
context	


majority  guess  
accuracy	


MSH	
 198	
 2.1	
 190	
 203	
 54.0%	

VUH	
 24	
 4.3	
 194	
 19	
 78.3%	

UMN	
 75	
 5.4	
 500	
 61	
 73.8%	




Learning  methods	

•  Random sampling 

•  Active learning methods 
o  Least confident 
o  Margin 
o  Label entropy 

•  ReQ-ReC 
o  Worst-case: always accept machine-generated query 

o  Simulated Expert: query = informative words (measured by info. gain) 
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•  Learning curve 
•  Area under learning curve (ALC) 
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Evaluation  metric	
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MSH:  198  ambiguous  words  in  MEDLINE	




18 

VUH:  24  clinical  abbreviations	
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expert  query: asking  right  questions	
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UMN:  75  clinical  abbreviations	
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ReQ-­‐‑ReC  performs  best	

with  expert  queries	
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•  A new interactive learning framework 
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Conclusion	

•  An interactive learning framework for building 

clinical WSD models 
o  ReQuery: domain expert-guided learning 
o  ReClassify: statistical model-guided learning 

•  Future work: evaluate the framework with human 
experts 
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Thank  you!	
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