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Overview

• Applying IR to the EHR
• Cohort discovery
• Challenges for EHR research

• This work funded by grant from
– NLM 1R01LM011934

• With help from OHSU collaborators
– Steven Bedrick
– Jolie Kaner

2

2



2

Information retrieval (IR, aka, search)

• We all do it – Google, PubMed, etc.
• As academics, we evaluate it – personal 

journey from
– Knowledge-based information (1990, 1994, 1998)
– Studies of users (mostly physicians) (1996, 2002)
– Participation/leadership of challenge 

evaluations, mainly Text Retrieval Conference 
(TREC) (https://trec.nist.gov/; 2009; Voorhees, 
2012; Roberts, 2016; Roberts, 2021)

3

(Hersh, 2020)
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Applying IR to the EHR

• Increased availability of data with incentives for 
electronic health record (EHR) adoption in HITECH Act of 
2009

• With availability of EHR data, first effort was cohort 
discovery task of TREC Medical Records Track (Voorhees, 
2012; Voorhees, 2013)

• Awarding in 2014 of NIH R01 to (former) OHSU faculty 
Stephen Wu to explore methods in parallel with Mayo 
Clinic (Zhu, 2014; Wu, 2017; Wang, 2019; Chamberlin, 
2020)

4
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IR system evaluation based on test collections of 
“documents”

• Recall

• Precision

• Aggregate measures
– F – combining and (optional) weighting of R and P

• Measures for ranked output (Harman, 2011)
– Mean average precision (MAP) (Harman, 2005)
– B-Pref – used when relevance judgments incomplete (Buckley, 2004)
– Others – normalized distributed cumulative gain (NDCG), inferred 

measures (Jarvelin, 2002)
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Electronic health record (EHR) structure
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Cohort discovery

• Widely offered service by most academic medical 
centers but little formal evaluation of approaches

• Early work – TREC Medical Records Track, 2011-2012
• Follow-on collaboration funded by NLM R01

7
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TREC Medical Records Track

• Appealing task given HITECH investment and EHR 
adoption
– NIST involved in HITECH in various ways

• More challenging with patient-specific data due to
– Privacy issues
– Task issues

• Facilitated with development of large-scale, de-identified 
data set from University of Pittsburgh Medical Center 
(UPMC)

• Launched in 2011, repeated in 2012

8
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Test collection for EHR retrieval

• Task
– Identify patients who are possible candidates for clinical 

studies/trials
• “Documents”
– At “visit” level due to de-identification of records

• “Topics”
– Selected 35 clinical study topics from IOM key areas for 

comparative effectiveness research
• “Relevance judgments”
– Patients “relevant” to topics, judged by OHSU informatics 

students who were also physicians

9
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Test collection structure
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(Voorhees, 2013)
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Some issues for test collection

• De-identified to remove protected health information 
(PHI), e.g., age number → range

• De-identification precluded linkage of same patient 
across different visits (encounters)

• UPMC only authorized use for TREC 2011 and TREC 
2012 but no longer available

11
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But as commonly seen in IR, wide variation 
across topics
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“Easy” and “hard” topics

• Easiest – best median B-Pref
– 105: Patients with dementia
– 132: Patients admitted for surgery of the cervical spine for fusion or discectomy

• Hardest – worst best B-Pref and worst median B-Pref
– 108: Patients treated for vascular claudication surgically
– 124: Patients who present to the hospital with episodes of acute loss of vision 

secondary to glaucoma
• Large differences between best and median B-Pref

– 125: Patients co-infected with Hepatitis C and HIV
– 103: Hospitalized patients treated for methicillin-resistant Staphylococcus aureus 

(MRSA) endocarditis
– 111: Patients with chronic back pain who receive an intraspinal pain-medicine 

pump

14
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Failure analysis for 2011 topics (Edinger, 2012)
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Evaluation results from 2012 were comparable 
(Voorhees, 2012)
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What approaches did (and did not) work?

• Best results in 2011 and 2012 from NLM group (Demner-Fushman, 
2011; Demner-Fushman, 2012)
– Top results from manually constructed queries using Essie domain-specific 

search engine (Ide, 2007)
– Other automated processes fared less well, e.g., creation of PICO frames, 

negation, term expansion, etc.
• Best automated results in 2011 obtained by Cengage (King, 2011)

– Filtered by age, race, gender, admission status; terms expanded by UMLS 
Metathesaurus

• Approaches commonly successful in general IR provided small or 
inconsistent value for this task
– Document focusing, term expansion, etc.

17
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Extending cohort discovery work

• Mayo Clinic-OHSU collaboration
– Hongfang Liu, Mayo Clinic, Co-PI
– Stephen Wu, OHSU, Co-PI
– William Hersh, OHSU, Co-I

• Aimed to add natural language processing (NLP) and 
language modeling (LM) to base IR methods on large 
amounts of unmodified (not de-identified) text from EHR
– Preliminary data showed improvement over baseline IR 

techniques with TREC Medical Record Track collection (Zhu, 
2014)

• Methods (Wu, 2017) and results (Chamberlin, 2020)
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Original EHR data – 100K OHSU patients having 
≥3 visits 

19
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Judgments from Patient Relevance Assessment 
Interface (PRAI)
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Topic examples – summary and full

21

Adults with IBD who 
haven’t had GI 
surgery

Adults with inflammatory bowel 
disease who haven’t had surgery 
involving the small intestine, colon, 
rectum, or anus.

Adults with a 
Vitamin D lab result

Adults with a lab result for 25-
hydroxy Vitamin D collected 
between May 15 and October 15.

Postherpetic 
neuralgia treated 
with topical and 
systemic medication

Adults with postherpetic neuralgia 
ever treated by concurrent use of 
topical and non-opioid systemic 
medications.

Children seen in ED 
with oral pain

Children who were seen in the 
emergency department with 
herpetic gingivostomatitis, 
herpangina or hand, foot, and 
mouth disease, tonsillitis, gingivitis, 
or ulceration (aphthae, stomatitis, or 
mucositis) not due to chemotherapy 
or radiation.

3rd trimester 
prenatal visit with 
midwife or Ob/Gyn

Women who had a pregnancy with a 
3
rd

 trimester outpatient prenatal 
visit with an obstetrician and 
gynecologist or midwife.

21

Initial approach used word-based queries with 
varying parameters

• Topic representation 
– A – summary statement
– B – clinical case
– C – detailed criteria

• Text subset
– Just text notes
– All of record

• Relevance aggregation
– Sum of all retrieved
– Max retrieved

• Retrieval ranking
– BM25 (Roberston, 1994)
– DFR (Amati, 2002)
– LMDir (Zhai, 2004)
– Lucene – aka, TFIDF (Salton, 1988)

22
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Word-based query performance not optimal for 
most topics

23

23

Reformulating as Boolean queries with 
additional relevance judgments for 10 topics

Improved relative recall and precision
24
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Continued work

• For renewed R01
– Added third site, University of Texas Health Science Center 

Houston
– Updated OHSU EHR data to present with same 100K patients

• To facilitate comparative methods and results without 
sharing data, standardizing all data, code, and methods
– Including new relevance judgment systems

• Adopting Observational Medical Outcomes Partnership 
(OMOP) format for data
– Emerging standard for EHR data in research settings

25
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Challenges for EHR retrieval work

• Need for large and realistic data sets
– Scalability of methods
– More generalizable to real world

• Big challenge is patient privacy
– Data not readily sharable
– Leading to concerns about reproducibility

• Can we solve privacy problems?
– Exhaustive de-identification, including of notes – is it possible?
– Controlled access to identified data (Guerrero, 2019)
– Evaluation as a service (Roegiest, 2016; Hopfgartner, 2018; 

Fröbe, 2023)

26
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Future directions

• Continue to build out test collection across three sites
• Apply generative AI methods to improve retrieval 

methods with our collections (Kusa, 2023; Nievas, 
2024; Wornow, 2024; Unlu, 2024)

• Add user interface to develop interactive use
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Questions?

William Hersh, MD
Professor
Department of Medical Informatics & Clinical Epidemiology
School of Medicine
Oregon Health & Science University
Portland, OR, USA
http://www.ohsu.edu/informatics 

Email: hersh@ohsu.edu
Web: http://www.billhersh.info
Blog: https://informaticsprofessor.blogspot.com/ 
Twitter: @williamhersh

28

28

http://www.ohsu.edu/informatics
mailto:hersh@ohsu.edu
http://www.billhersh.info/
https://informaticsprofessor.blogspot.com/
https://twitter.com/williamhersh

