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Background:	  EHR-‐Based	  Phenotyping

Manual	  Phenotype	  Extraction
• Laborious
• Time-‐consuming
• Requires	  domain	  expertise



Motivation	  &	  Background
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PheKnow-‐Cloud	  Result	  Interface



Phenotype	  Verification	  Process	  using	  Pubmed
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Feature	  Extraction



Co-‐Occurrence	  Calculation	  Process

Given	  terms	  A,	  B,	  C	  

𝑙𝑖𝑓𝑡 𝐴, 𝐵, 𝐶 = 	  
𝑃(𝐴	  ⋂𝐵 ⋂𝐶)

𝑃 𝐴 / 𝑃 𝐵 / 𝑃 𝐶



Significance	  Determination—Aggregating	  	  Lifts	  
within	  Phenotypes



Experimental	  Set-‐up
Phenotype	  Data
• Random	  and	  curated	  phenotypes
• 80	  annotated	  phenotypes	  generated	  by	  two	  different	  automatic	  phenotype	  
generation	  algorithms
• 14%	  -‐-‐ clinically	  meaningful
• 78%	  -‐-‐ possibly	  significant
• 8%	  not	  clinically	  meaningful

PubMed	  Data
• 25%	  of	  PubMed	  Open	  Access	  Subset

Method
1. Calculate	  lift
2. Determine	  “optimal”	  threshold	  that	  separates	  “significant”	  and	  ”not	  

significant”	  phenotypes



Process	  Tuning—Phenotypic	  Item	  Synonym	  Set	  Size



Results—Randomly	  Generated	  vs	  Curated	  Phenotypes

Classification	  Results

• 100%	  true	  negative	  
classification

• 80%	  true	  positive	  
classification

• F1	  score	  of	  0.89



Results—Automatically	  Generated	  Phenotypes

Classification	  Results
• Threshold	  =	  0.028
• F1	  score	  of	  0.87	  



Demo



(hypertension,	  
immunosuppressants)



(Disorders	  of	  fluid,	  electrolyte,	  and	  acid-‐base	  
balance,	  hypertension,	  secondary	  
hypertension)	  



Future	  Work

• Incorporate	  ”gold	  standard”	  phenotypes	  from	  PheKB and	  other	  
sources
• Scale	  to	  whole	  PubMed	  Open	  Access	  Subset
• Speed	  up	  co-‐occurrence	  analysis
• Refine	  and	  automate	  phenotype	  classification	  process
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