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Overview

• Constructing phenotypes is a cornerstone activity in health 
data analytics, whether for research, quality, safety, cost or 
clinical objectives

• We will explore aspects of phenotype portability and 
scalability, with particular emphasis on recent policy, 
standards, and tools that can inform phenotyping decisions

• A key goal is to enable broader use of electronic health data 
beyond current commonly used sources



What’s a phenotype?

• A phenotype is a logical definition of a clinical event, state, or 
or characteristic of interest
– “Computable” indicates that the phenotype is machine-interpretable 

so that the query that it be run on a data source to find matching 
patients

• In safety contexts, phenotypes often define exposures (eg
patients who received a given drug) and outcomes (eg patients 
who had a myocardial infarction)



Portability and Scalability

• Portability refers to the performance of a phenotype in 
generating consistent cohorts across diverse sites
– ie, did you find the patients you are looking for
– Reflects the design of the phenotype content and logic

• Scalability refers to the ability for a phenotype to be run on a 
wide range of sites and data sources
– Reflects infrastructure, platform, adoption etc



Aigbogun MS, Stellhorn R, Hartry A, Baker RA, Fillit H. Treatment patterns and burden of behavioral disturbances in 
patients with dementia in the United States: a claims database analysis. BMC neurology. 2019 Dec 1;19(1):33.



https://phekb.org



http://projectphema.org



http://www.ohdsi.org



https://www.popmednet.org/



https://www.i2b2.org/



Computable Phenotype Instantiations



All the above examples are Research Data Models



Research Data Models
• Population level
• Designed to support analytics
• Handful of models
• Adoption varies nationally and

internationally
– Driven by funding and collaborations
– Dominated by academic medical centers

• In the United States, no mandate 
regarding research data models

Transactional Data Models
• Patient level
• Designed to support clinical operations
• Hundreds of data models (EHRs + HL7 

v2/3/FHIR)
• Wide array of local code systems
• Proprietary/bespoke formats limit 

utility for queries beyond a single site
• In the US, new regulatory policy has 

emerged with significant implications 
for transactional data models



Signed December 13, 2016
Office of the National Coordinator on Health IT (ONC) published 
CURES Act Final Rule May 1, 2020



The Big Stuff

• US Core Data for Interoperability (USCDI)
– Establishes a set of data classes and elements that all Certified Health 

IT software must be able to export (by 2022/2023)
– Specifies terminology(ies) for each data class
– Specifies a process for updating the above based on stakeholder

needs and IT burden

https://www.federalregister.gov/documents/2020/05/01/2020-07419/21st-century-cures-act-interoperability-
information-blocking-and-the-onc-health-it-certification



USCDI v1
Classes
and
Elements



USCDI Standard Terminologies



USCDI Standard Terminologies



USCDI Standard Terminologies



USCDI Standard Terminologies



Cures Act and FHIR

• USCDI specifies only content, not the means of transmission
• In terms of format, ONC specifies that API-based exchange of

health data should be done via FHIR Release 4
• These two elements (USCDI and FHIR R4) are rolled together 

through the FHIR US Core profiles
– Define which FHIR resources and elements satisfy the USCDI 

exchange requirements

https://www.hl7.org/fhir/us/core/



USCDI<->FHIR US Core

https://www.hl7.org/fhir/us/core/general-guidance.html





FHIR US Core Laboratory Example



Population Level Data

• Cures Act mandates the support for both patient and 
population-level data export

• Does not specify the format for population-level export, but 
does mandate adoption of the “FHIR Bulk Data Access” (aka 
BulkFHIR, aka FlatFHIR) group-export functionality 



Back to Phenotyping



What makes a phenotype portable?

• Uses data types that can be found across systems
• Includes codes that can be found across systems
• Uses logic that can be applied across systems
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Data Types in Common Models

https://cbiit.github.io/bridg-model/HTML/BRIDG5.3.1/https://bridgmodel.nci.nih.gov/



Data Types in Common Models

https://www.healthit.gov/topic/scientific-initiatives/pcor/common-data-model-harmonization-cdm



CDMs to FHIR US core

http://build.fhir.org/ig/HL7/cdmh/profiles.html

PCORNet
OMOP
i2b2
Sentinel



Playing the Classics vs Skating to the Puck

• Ensuring the portability of phenotypes at present still requires 
focusing on the classic data types
– Conditions
– Medications
– Procedures
– Observations / Labs (presence of)
– Encounters

• But adoption of USCDI and FHIR Core expands the potential to 
incorporate elements such as vital signs, laboratory results, 
and clinical notes from EHR sources
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How do we know what codes are in what system?

• New cohort characterization tools greatly expand our ability to 
understand the availability and impact of code selection

• Specifically we are seeking to understand what codes are 
actually used in cohort generation and how that differs from 
site to site



Spotlight: OHDSI Characterization Tools

Older OHDSI tools let you 
look at counts of codes for 
a given dataset or a 
generated cohort

https://ohdsi.github.io/TheBookOfOhdsi/Characterization.html



Spotlight: OHDSI Characterization Tools

https://data.ohdsi.org/Covid19CharacterizationCharybdisDiagCovid/

Next-gen Cohort Characterization tools 
provide extensive insight into how codes 
are used and what codes may be missing



How are diabetes patients detected at different sites?

https://data.ohdsi.org/Covid19CharacterizationCharybdisDiagStrata/



What codes included in the definition are found?



What potentially relevant codes were not in the definition?

https://data.ohdsi.org/Covid19CharacterizationCharybdisDiagStrata/



What about Obesity?



Diagnosis Codes found in Claims



Missing codes, some missing for a reason



Weight Codes found in EHR



What makes a phenotype portable?

• Uses data types that can be found across systems
• Includes codes that can be found across systems
• Uses logic that can be applied across systems



Standards for required logic not well-defined

• Unlike data elements and terminologies, there is not a defining 
set of logical querying capabilities specified, eg
– Temporal logic (+/- relative to index event)
– Count of occurrences
– Groupings (any/all, and or not)

• But hope can be found in the CMS electronic clinical quality 
measures (eCQMs) that are being transitioned to broad 
interoperability standards 



What is an eCQM?

• Clinical Quality Measures are required reporting for all 
providers and hospitals that participate in Medicare/Medicaid
– Performance on these measures is tied to reimbursement

• Each CQM is defined by numerator and denominator cohorts
• An eCQM is a computable phenotype representing these 

cohorts to ensure consistency in the reporting processing
• They include a data model, code sets, and logic



eCQMs’ Logic is Expressed Using CQL 
(Clinical Quality Language)

FHIR FHIR



Clinical Quality Language (CQL)

• HL7’s CQL aims to be both
human readable and 
machine interpretable

• Leverages both embedded 
and NLM VSAC value sets

• Has extensive date 
manipulation logic

• Gets compiled into a query 
execution mechanism such 
as FHIR1

1. https://github.com/DBCG/cql_engine







Sharing code sets with VSAC across platforms



Sharing code sets with VSAC across platforms



Logic Beyond Structured Data

• Many of the most critical data elements for determining cohort 
inclusion come from unstructured data

• As noted, USCDI mandates that systems be able to output a 
core set of 8 common and valuable clinical note types

• But how to cull data from clinical notes while conforming to 
the broader phenotype structure?



Many Valid Approaches

• Using NLP to prepopulate structured fields
– Eg OMOP Note table  NLP Derived fields in structured tables

• Using NLP in real-time queries to augment structured feature 
definition
– Eg “Stroke” = {Stroke Codeset} OR {[occlusion OR ischemia] on Head CT} 

• Using NLP in real-time queries to create unstructured features
– Eg “> 2cm lung mass”= MeasurementFinder ({mass OR lesion} on Chest 

XR/CT) value >20 mm 

In all cases, you must be able to integrate the NLP derived features back into the 
logical pipeline for structured data. @GT we use ClarityNLP to hybridize 
structured features (via CQL) and unstructured features (via NLPQL).

He J, Mark L, Hilton C, Martin J, Baker J, Duke J, Hui SL, Li X, Dexter P. A comparison of structured data query methods versus natural language processing to identify 
metastatic melanoma cases from electronic health records. International Journal of Computational Medicine and Healthcare. 2019;1(1):101-11.

http://github.com/claritynlp



How can you assess portability?

• In the absence of markedly different baseline populations, a 
portable phenotype should create comparable patient
populations across sites

• That is, a group of patients who have a similar clinical condition 
should look more or less the same 



Spotlight: OHDSI Cohort Characterization



‘Asthma’ Incidence Rates Across Sites



‘Heart Disease’ Incidence Rates Across Sites



Comorbidities for `Influenza` Patients



Medication Use for `Influenza` Patients



Machine Learning Based Tools



So how do we make phenotypes portable

• Use data types that can be found across systems
– Look across models and at emerging mandated standards
– Leverage the required data types

• Include codes that can be found across systems
– Leverage cohort and dataset characterization tools 
– Publish concept sets on NLM VSAC for all to use

• Use logic that can be applied across systems
– Avoid exotic logical operators
– CQL capabilities can serve as a guide



What makes a phenotype scalable?

• Meets all the criteria for portability and…
• There exists actual machinery to run the phenotype at a large 

number of sites







https://confluence.hl7.org/display/DVP/Da+Vinci

Payers using CQL and FHIR



How to improve Phenotype Scalability?

• It is not about phenotype design (ie portability)
• We need to make our phenotypes runnable in more places
• So yes continue to expand individual platform adoption

– simplify CDM ETL, code deployment, add value to participating 
organizations, publications, etc

• But we must take advantage of the transitions already 
underway in health systems and interoperability



Keeping Both the Baby and the Bathwater

• When building phenotypes for your network, begin looking at 
a parallel pipeline to export logic using CQL, concept sets using 
VSAC codesets

• As FHIR mandates come into place and CQL becomes standard
for health system payer interactions and reporting, you will
have phenotypes that can piggyback on these technologies

• You can thus leverage a far broader range of sites as data 
partners (perhaps in an “Extended” tier) in addition to your 
native platform adopters 



Caveats

• The aforementioned regulations are not internationally 
adopted at present and thus this pathway is US-centric

• Performance of patient-level technologies for population-level 
analytics will take time to catch up

• Culling data from a broader range of sites will introduce even
more variability in populations and data quality that will need 
to be addressed



Questions?

jon.duke@gatech.edu


