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1. Importance of having all of the 
aspects of the data you need to 
create algorithms, etc

Reliable data produce reliable 
algorithms and reliable results



Diagnosed with 
GBM

Undergoes surgery 

Receives 
adjuvant 
therapy

Progresses on 
adjuvant therapy

Progresses on 1L

Patient 
deteriorates 
leading to 
hospitalization / 
death

Starts 1L therapy

Starts on 2L
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Patient age
Gender
Race
Insurance
Group Staging
Smoking Status
Site of Disease
Comorbidities

Date of surgery

Medical admins / orders
Dosage
Concomitant meds
Duration of therapy Date of met Dx

(time to recurrence)
Sites of metastases 

Date of progression (with 
scan or lab result to confirm)

Medical admins / orders
Dosage
Concomitant meds
Regimen name
Duration of therapy
Adverse events
Response

Date of death
Date of death
Date of death
Consensus date of 
death

 Structured EMR data      Unstructured EMR data      External mortality data     Combined / derived data 

A comprehensive view of the patient journey

Medical admins / orders
Dosage
Concomitant meds
Regimen name
Duration of therapy
Adverse events
Response
Reason for 
discontinuation

*Relative timing not exact



© Flatiron Health 2018



© Flatiron Health 2018



© Flatiron Health 2018

2.  Different data types have different 
technical, contextual and governance 
features which influence reliability
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Different data types have different technical, 
contextual and governance features
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Instrumentation data 
(e.g., genomics, 
imaging, immune 

profiling)

Administrative data 
(e.g., claims, mortality)

Longitudinal clinical 
data (e.g, electronic 

health records, 
registries)

Patient generated data 
(e.g., PROs, 
biosensors)
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Example: Imaging Data
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● Raw images are best if available, but require massive storage                  
capabilities and are hard to de-identify

○ Pixalated data is not the same as an interpretation of findings
○ Information needed for subsequent analyses and algorithms is the interpretation 

● An alternative is to focus on radiology reports in the EHR
○ Reports must be curated into a analytical dataset
○ Quality of the interpretation varies depending on reviewer
○ Findings in routine clinical practice vary from third party independent review for clincial trials

● Adequate interpretation of scans requires information about context
● Standardized systems for proxy data from scans (e.g., RECIST)

○ Rely on a series of features that may not be available outside of clinical trials (e.g., target 
lesions, prior scans)

○ May miss clinical features - must understand the pitfalls of the approach
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Curation of Unstructured Data
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Context: Accounting for Changing Interpretations Over Time
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Example: Imaging Data
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Diagnosed with 
Stage II NSCLC 

Undergoes surgery for 
early-stage disease

Develops metastatic 
disease

Tested for EGFR 
and ALK 

Progresses on 1L, tested for 
PD-L1 and 
re-tested for EGFR

DeathStarts 1L therapy

Starts 2L therapy, deteriorates 
and is hospitalized

Clinical events are a combination of clinical, pathological, 
radiological, & biomarker data - in context 
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Path?
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Time to progression is 
dependent on when patient is 
evaluated
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Example: Imaging Data
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rwTR Assessment Categories
Category Description

Complete Response (CR) Complete resolution of all visible disease.

Partial Response (PR)
Partial reduction in size of visible disease in some or all areas without any areas of increase in 
visible disease. Captures a decrease in disease volume even though disease is still present.

Stable Disease (SD)
No change in overall size of visible disease. Also includes cases where some lesions increased 
in size and some lesions decreased in size.

Progressive Disease (PD)
Increase in visible disease and/or presence of any new lesions. Includes cases where the 
clinician indicates progressive disease, PD, or POD as the overall assessment.

Pseudoprogression Clinician indicates pseudoprogression or related terminology (e.g., tumor flare).

Indeterminate response
Clinician specifically indicates that the response is “indeterminate” or “uncertain,” or if the 
clinician’s interpretation of the scan(s) cannot be mapped to one of the above assessment 
categories.

Not documented
Clinician’s note references this response imaging (e.g., “Patient had recent scan”) but does 
not mention any assessment of tumor response.

23
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Advanced diagnosisInitial diagnosis

Start of 
treatment

CT CT CTMD MD MD

Partial  
Response

Stable    
Disease

Progressive 
Disease

Response is tied to exposure to a therapy
7

Treatment Period

1 2 3
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Governance and De-ID

All ultrasound machines store the patient's name and MRN as intrinsic 
parts of the image and are displayed whenever the image is displayed 
(Fig. 3). The DICOM headers can be deidentified, but the PHI in the 
image remains. In addition to the patient's name and MRN, some 
formats display the birth date, scan date and time, or facility name.
https://www.ajronline.org/doi/full/10.2214/AJR.13.11789

● Who approves access?
● What kind of access?
● How is access QA’ed?

https://www.ajronline.org/doi/full/10.2214/AJR.13.11789#
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3. Representativeness of datasets 
(genomic, geographic); risk of bias in 
the underlying data
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Patient Count

27
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Does genomic testing improve survival for lung cancer 
patients?

28

Presley et al. JAMA 2018



© Flatiron Health 2018

4. Methods to resolve data gaps
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Demographics

Diagnosis Visits

Labs Therapies

Discharge NotesPathology

Physician Notes

Radiology Report

EHR

Hospital Reports

Common 
Database

Structured 
Data Processing

Unstructured 
Data Processing

30

Data linkage to fill gaps

Data 
Linkage

Admin Claims

Genomics

Sensors & PROs

Mortality

Other EHRs
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Data linkage solutions

Flatiron

Third party 
linking 
agency 

FMI

Identified 
Patient- 
level Data

Receive Linked DataTransfer DataIdentify Common Patients

Cleaned 
Demographic 
Inputs

Common 
Patient 
Token
Subset

De-identified
Clinical Data 
Subset

Identify 
common 
patients

SFTP
Link clinical + 
genomic 
datasets

De-identified, 
Linked Clinico-
Genomic 
Dataset

SFTP SFTP SFTPSFTP

SFTPSFTP

Token 
Engine

Escrow 
Seed

Red - Identified Data
Blue - De-identified Data
Yellow - De-identified Linked Data
Green - Third party linking agency’s technology

SFTP

De-identifiedG
enomic
Data Set

Token
List

Identified 
Patient 
level Data

Cleaned 
Demographic 
Inputs

Common 
Patient 
Token
Subset

Token 
Engine

Escrow 
Seed

Token
List

De-identified, 
Linked Clinico-
Genomic 
Dataset

Segregated Secure Environment

Segregated Secure Environment

Patient IDs hashed again

This entire process is repeated quarterly at 
FH-FMI for longitudinal refresh of the data 
(e.g., new chart abstraction)

Final linked clinico-genomic dataset cannot 
be re-identified or linked to other FH or FMI 
datasets (unique patient ID)

31
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Evaluate data against a reference standard 
E.g., gold standard = National Death Index
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Developing proxy and surrogate variables when needed

Comparison of structured vs. abstracted comorbidities
Results: 

- Capture of CCI by ICD codes was poor. The sensitivity of CCI ≥ 1 as measured by 
ICD codes as compared to abstracted data (gold standard) was 9% (95% CI: 
5-14%)

- Using ICD codes to identify patients without any comorbidities works well most of 
the time. This is reflected in the high observed specificity and NPV (99%, CI: 
98-100% and 72%, CI: 69-75%, respectively)

- Abstraction captured more comorbidities than ICD codes. However, comorbidity 
data abstracted from an Oncology EHR may itself be incomplete and not an ideal 
gold standard. Oncologists are unlikely to document a comorbidity unless it will 
affect cancer treatment decision-making
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5. Issues in Precision Medicine: 
Available biologic/biomarker data, 
small cohorts
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Deep Phenotype is Needed

35

In an era of abundant data, merging biological information with deep clinical phenotype is more 
important than ever
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Precision medicine often yields small cohorts
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6. Data reliability and quality
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Reliable data produce reliable 
algorithms and reliable results
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Documentation of source, quality and provenance

Medical admins / orders
Dosage
Concomitant meds
Regimen name
Duration of therapy
Adverse events
Response
Reason for 
discontinuation

*Relative timing not exact
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Need a consistent approach to documenting completeness 
and quality
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7. Recency and availability
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8. Privacy and security
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9. Policy Considerations

Reliable data produce reliable 
algorithms and reliable results
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Policy Considerations

● Require accurate complete datasets 
that incorporate many data types 

● Details about the data matter
● Biased and unreliable data lead to 

biased and unreliable algorithms
● Accessible data at point of care
● While maintaining patient privacy
● Solving this requires input of many 

types of experts - clinical, analytic, 
software, hardware, privacy, etc

 

● Stimulate tech innovation that solves 
all of these problems - do not skimp

● Expect transparency about data 
reliability and quality - as well as 
accuracy of output from algorithms

● Create standards for documenting 
reliability, quality and accuracy at the 
data source, dataset and algorithm 
level

● Develop a the workforce

 


