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Section I

Identifying patients



titleCohorts and convenience

We want to study diabetic patients.   
I use E08 when I bill so that’s how 

we’ll identify them.

Grant

…patients with 
diagnosis code E08
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titleGood cohorts & translation

• This is hard and complex

– My study needs diabetic patients. 

– My study needs type II diabetic patients. 

– My study needs DM II patients from A1C labs.  

Which type à type I, type II, gestational? 

Defined how à dx, meds, labs, etc? 
And what criteria? 

Recent?  Once?  >Once? 



titleCohort choices have effects

• Each definition choice affects cohort

– DM II based on single diagnosis code
• Larger but lower confidence (TP and FP high)

– DM II based multiple, repeated positive labs
• Smaller and higher confidence (FP very low)

• Important to design a phenotype around needs 
for sensitivity and specificity



titleMoving to Phenotyping

• Phenotyping (and cohorting)
– Process of identifying patients for study

• Computable phenotype
– Computerized (reusable) queries or algorithms to 

identify patients, events, or diseases from electronic 
data

• Phenotyping now the expectation for EHR 
research (and maybe more)



titleEx. Type II Diabetes Phenotype

Diagnosis

Diagnosis

Meds

Labs

Quantity

Timing



titlePhenotype characteristics

• Exhaustive criteria
– Multiple data domains
– Multiple criteria 
– Often algorithmic

• Scientific over convenient
– Ideally validated to gold standard
– Test characteristics ideally measured
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• Literature (pubmed, google scholar)
• Phenotype KnowledgeBase  (phekb.org)
• eMERGE network

Finding high-quality phenotypes



titlePheKB 
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Section II

Walk through some 
examples



titleFraming 

• Goal is to understand the perspective and how 
this happens – not to become an expert.  



titleExample 1

• I need hypertensive patients.  
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titleExample 1

• I need hypertensive patients.  

– Adults, kids, other person level criteria? 
• Does condition look different in different people?
 

– Diagnoses, labs, meds?  
• You’ll need to know (or learn) about these



titleExample 2

• I need adult acute covid patients.
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titleExample 2

• I need adult acute covid patients.
– Covid defined as diagnosis or lab? 

• When was dx code available? 
• When were labs available?

– What happened to labs?  

• Does the strain matter?  

– Identify by meds? 
• Who gets med and when…and what could that do? 



titleExample 3

• I need adult long covid patients.  
– Long covid defined as…

• Diagnosis? 
• Lab? 
• Med?



titleExample 3

• I need adult long covid patients.  
– Long covid defined as…

• Diagnosis? 
• Lab? 
• Med?



titleExample 3

• I need adult long covid patients.  
– Long covid defined as…

• Diagnosis? 
• Lab? 
• Med?



titleExample 4

• Patients that got ICU care.  
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titleExample 4

• Patients that got ICU care. 
– Admitted, discharged?  How to identify?

– How to identify transfers?  
• Diagnosis, procedures? 
• What other options?  

• ADT data, granular billing, proxies
 



titleExample 5

• Patients that came to ED for avoidable reasons
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titleExample 5

• Patients that came to ED for avoidable reasons
– What’s avoidable?  

• Natural language answer
• ‘Conditions or reasons a clinician would deem not 

requiring emergency care’

•  Data answer à typically requires developing algorithm 
to replicate clinical knowledge



titleExample 6 

• Homeless patients
– Diagnosis code?
– Home address?
– Documented in note? 
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Date Topic Instructor(s)

Wed May 10, 2:30-4:00pm How health care system 
generates data and how 
this data is stored in the 
EHR

Peter Leese

Wed May 17, 2:30-4:00pm code sets used to record 
health care data

Emily Pfaff

Wed May 24, 2:30-4:00pm fundamental units of how 
health care data is 
organized in the EHR

Peter Leese & Emily Pfaff

Wed May 31, 2:30-4:00pm how to design a research 
question for clinical data

Michael Adams & 
Anna Jojic



titleHelpful Resources Handout

Download at bottom of series webpage

https://go.unc.edu/clinical-data-literacy
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EHR Data Driven Research:
Progress, not Perfection

Emily Pfaff, PhD, MS
Assistant Professor, UNC Chapel Hill School of Medicine / Co-Director, Informatics & Data Science @ UNC's CTSA
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"This data is junk!"
    

This Photo by Unknown author is licensed under CC BY-SA.

https://commons.wikimedia.org/wiki/File:Scrap_metal_junk_yard,_Winschoten_(2017)_03.jpg
https://creativecommons.org/licenses/by-sa/3.0/
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Questionable 
Data = 
Questionable 
Science

It is easy to lie with EHR data, whether 
intentionally or out of ignorance.

https://www.science.org/content/article/whos-blame-these-three-scientists-are-heart-surgisphere-covid-19-scandal
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Questionable 
Data = 
Questionable 
Science

Erroneous conclusions can result from:
• Treating the absence of evidence as evidence 

of absence.
• Unaccounted-for selection bias.
• Lack of understanding of how data are 

collected.
• Using methods inappropriate for the data.
• Poor quality data.
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But EHR 
research has so 

much 
potential!

So, how do we use 
what’s good, and 
avoid the pitfalls?



title

METHODOLOGICAL 
CONCERNS



title

Missing Data

Did this patient have COVID-19?

EHR shows 1 
negative PCR test, 
8/2020

EHR shows visit 
for fatigue and 
dyspnea, 7/2022

• The EHR is not a holistic 
representation of patient 
health.

• Missing information may be 
missing for many reasons.

• Temporal
• Patient type
• Technical 

• Missing data is unavoidable—
your interpretation is what 
counts.
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Missing Data

Did this patient have COVID-19?

EHR shows 1 
negative PCR test, 
8/2020
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test, 3/2022

EHR shows visit 
for fatigue and 
dyspnea, 7/2022

• The EHR is not a holistic 
representation of patient 
health.

• Missing information may be 
missing for many reasons.

• Temporal
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Missing Data

• The EHR is not a holistic 
representation of patient 
health.

• Missing information may be 
missing for many reasons.

• Temporal
• Patient type
• Technical 

• Missing data is unavoidable—
your interpretation is what 
counts.

Calculating a comorbidity index
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Selection Bias

• People who seek 
healthcare are not 
representative of the 
population.

• EHR data skews toward 
sicker patients.

• Essential to remember 
who is not represented in 
your data.
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Data Collection 
Caveats

• The EHR is for clinical 
care………. and for billing.

• Some data are entered by 
coders, not clinicians.

• Some data are entered to 
justify procedure/lab 
orders.

• Some data just aren’t 
entered. Actual list of symptoms

Visit diagnosis: U07.1
Visit procedure: 99212
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Inappropriate 
Analyses

• Incidence/prevalence
• In many cases, evaluating 

positive outcomes
• Effects of over the 

counter drugs
• Outcomes for 

unvaccinated patients
• Applying ML or scoring 

algorithms without 
accounting for bias
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A WHIRLWIND TOUR OF EHR 
DATA QUALITY
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DQ 
Framework: 
Kahn, et al. 
(2016)

• Conformance – do the values present 
meet syntactic or structural constraints? 
(E.g., "Does this table follow the OMOP 
rules?")

• Completeness – what is the level of 
missingness, when compared with 
common expectations? (E.g., "Date of 
death is missing for 55% of deceased 
patients.")

• Plausibility – how believable are the data 
values? (E.g., adult height should not 
significantly fluctuate over time.)

So, where do things go 
wrong?
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Data transformation can make data more useful, 
but with each transformation, quality can 
degrade.



title

Mapping errors
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Granularity Changes

• Transformations often “roll up” long lists of 
codes from a source system into a more 
manageable list.

• Can be helpful for analysis; aggregated 
categories should be guided by use case.

• Resulting aggregation may  not be granular 
enough for all use cases.

• Source concepts can be grouped 
incorrectly—hard to trace back.
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Loss of Context
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Missing Data

• Not all data are ETL'ed from the EHR in the 
same way, or at all.
– e.g., PDFs, death data

• Individual variables may have a high rate of 
missingness
– e.g., BMI, race and ethnicity

The transformation is not wrong, but the data 
are confusing/misleading. There may be no 
"fix," but an explanation is warranted.

Farmer, G.D., Gray, H., Chandratillake, G. et al. Recommendations for designing genetic test reports 
to be understood by patients and non-specialists. Eur J Hum Genet 28, 885–895 (2020). 
https://doi.org/10.1038/s41431-020-0579-y
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Garbage in, garbage out
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MULTI-SITE EHR DATA 
QUALITY
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About N3C

• N3C is a data resource and collaborative community built for COVID-19 research
• Funded and managed by NCATS, led by the National Center for Data to Health (CD2H)
• The N3C data resource is a national COVID dataset available to researchers across the 

country
– EHR data about COVID patients and match controls from 75 health care systems 

across the country; refreshed weekly
– Housed at NIH in N3C Enclave, a secure portal for data analysis
– Variety of analytical tools available for use by researchers

• More information is available at covid.cd2h.org.
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Federated Data 
Quality

• Check conformance to 
CDM's rules

• Check for 
anomalies, implausible 
data, missingness

• Assessment can be shared 
with the network, but is 
based on a single site's 
data.
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Case in point: Harmonizing death data
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N3C Minimum Checks (part 1)
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N3C Minimum Checks (part 2)
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Data Quality Heuristics
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Example: Heuristic #2, COVID test results not standard
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Example: Heuristic #4, Implausible visit type distribution
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Site-to-Site Benchmarking
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Crowdsourced Quality

Domain 
team 1

Domain 
team 2

Domain 
team 3

Pulse is 
measured in 
mmHg at 
site X?

No one has 
diabetes at 
site Z?

Site Y has no 
COVID deaths?
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“So, these data are junk!...Right?"
    

This Photo by Unknown author is licensed under CC BY-SA.

https://commons.wikimedia.org/wiki/File:Scrap_metal_junk_yard,_Winschoten_(2017)_03.jpg
https://creativecommons.org/licenses/by-sa/3.0/
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Who wins?
Democratizing 
data

Culture of 
expertise
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Enter: Team 
Science

Clinical SME
Research questions

Clinical domain 
knowledge

Clinical Informaticist

Data engineering/
extraction

Data quality

Data context expertise

Data Scientist

Statistical analysis

Data visualization

Methods expertise
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Takeaways

• EHR data can be used for important and 
novel research.

• It’s also easy to misuse, or 
misunderstand.

• There is tension between democratizing 
EHR data and a culture of deep expertise.

• Team science is a promising path forward 
for clinical informatics using EHR data. 
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Thank you!
Questions welcome: epfaff@email.unc.edu

mailto:epfaff@email.unc.edu

