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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
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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) (Hersh, 2009; Voorhees, 2012; Roberts, 
2016; Gupta, 2024)
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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 (Wu, 2017; Wang, 2019; Chamberlin, 2020)

4Applying IR to EHR



IR system evaluation based on test collections 
of “documents”

• Recall

• Precision

• Aggregate measures
– F – combining and (optional) weighting of R and P
– For ranked output (Harman, 2011)

• Mean average precision (MAP)
• B-Pref – used when relevance judgments incomplete (Buckley, 2004)
• Cumulative gain and other “inferred” measures (Järvelin, 2022)

• Usual approach in test collections is to average results across topics for each 
“run”
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Electronic health record (EHR) is (typically) not a 
single document
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Cohort discovery

• Widely offered service by most academic medical 
centers to identify cohorts to retrieve for clinical 
study recruitment but little formal evaluation of 
approaches

• Early work – TREC Medical Records Track, 2011-2012
• Follow-on collaboration funded by NLM R01
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TREC Medical Records Track (Voorhees, 2012; 
Voorhees, 2013)

• Task – identify patients who are possible candidates 
for clinical studies/trials

• Documents – de-identified patient records from 
University of Pittsburgh Medical Center (UPMC)

• Topics – 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
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Test collection structure
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(Voorhees, 2013)
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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
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Failure analysis for 2011 topics (Edinger, 2012)
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Extending cohort discovery work

• Mutli-site collaboration of OHSU, Mayo Clinic, and 
University of Texas Houston Health Science Center

• 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

• Initial methods (Wu, 2017) and results (Chamberlin, 
2020)
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EHR data – 100K OHSU patients having ≥3 
visits
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Judgments from Patient Relevance Assessment 
Interface (PRAI)
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Topic examples – summary and full
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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.

3
rd

 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.
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Simple word-based query performance not 
optimal for most topics
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Reformulating as Boolean queries with 
additional relevance judgments for 10 topics

Improved relative recall and precision
19Applying IR to EHR



Results and future work …
• Focus on 13 topics due to resource constraints
• To facilitate comparative methods and results without sharing 

data, standardizing all data, code, and methods using 
Observational Medical Outcomes Partnership (OMOP) format 
(Yates, 2025)

• Current results show best performance with Boolean over 
word-based methods

• Role for LLM-based methods (Chen, 2025; Layne, 2025)?
– Most evaluated is TrialGPT

• Applies state-of-art LLMs to retrieval, matching, and ranking – comparable 
performance to human experts (Jin, 2024)

• Identified twice as many candidates while maintaining specificity (Syed, 2026)
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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)
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Questions?

William Hersh, MD
Professor
Division of Informatics, Clinical Epidemiology, and 
Translational Data Science
Department of Medicine
School of Medicine
Oregon Health & Science University
Portland, OR, USA
Email – hersh@ohsu.edu
Web – https://billhersh.info/ 
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