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abstract

PURPOSE ASCO, through its wholly owned subsidiary, CancerLinQ LLC, developed CancerLinQ, a learning health
system for oncology. A learning health system is important for oncology patients because less than 5% of
patients with cancer enroll in clinical trials, leaving evidence gaps for patient populations not enrolled in trials. In
addition, clinical trial populations often differ from the overall cancer population with respect to age, race,
performance status, and other clinical parameters.

MATERIALS AND METHODSWorking with subscribing practices, CancerLinQ accepts data from electronic health
records and transforms the local representation of a patient’s care into a standardized representation on the
basis of the Quality Data Model from the National Quality Forum. CancerLinQ provides this information back to
the subscribing practice through a series of tools that support quality improvement. CancerLinQ also creates de-
identified data sets for secondary research use.

RESULTS As of March 2020, CancerLinQ includes data from 63 organizations across the United States that use
nine different electronic health records. The database includes 1,426,015 patients with a primary cancer
diagnosis, of which 238,680 have had additional information abstracted from unstructured content.

CONCLUSION As CancerLinQ continues to onboard subscribing practices, the breadth of potential applications
for a learning health care system widen. Future practice-facing tools could include real-world data visualization,
recommendations for treatment of patients with actionable genetic variations, and identification of patients who
may be eligible for clinical trials. Feeding these insights back into oncology practice ensures that we learn how to
treat patients with cancer not just on the basis of the selective experience of the 5% that enroll in clinical trials,
but from the real-world experience of the entire spectrum of patients with cancer in the United States.
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INTRODUCTION

In 2009, the Health Information Technology for Eco-
nomic and Clinical Health Act was enacted as part of
the American Recovery and Reinvestment Act (Public
Law 111-5).1 Title VI of the Health Information Tech-
nology for Economic and Clinical Health Act provides
financial incentives to medical practices for the adop-
tion of electronic health records (EHRs). Since then,
adoption of EHRs in US medical practices has in-
creased significantly.2 Widespread adoption of EHRs
permits the creation of learning health care systems in
the United States. The Institute of Medicine defines
a learning health care system “in which science and
informatics, patient-clinician partnerships, incentives,
and culture are aligned to promote and enable con-
tinuous and real-time improvement in both the effec-
tiveness and efficiency of care.”3(p17) In short, a learning

health care system uses real-world data (RWD) to im-
prove patient care at the point of care.

The Institute of Medicine focused on oncology be-
cause it is ripe for the development of a learning health
care system. Less than 5% of patients with cancer
enroll in clinical trials,4 and clinical trial populations
typically differ from the overall cancer population with
respect to age, race, performance status, and other
important clinical parameters. More than 1.7 million
new patients with cancer are diagnosed in the United
States annually, but as a result of diverse anatomic
locations, driver mutations, and extent of disease
spread, treatment is heterogenous. Consequently,
many patients with cancer receive off-label treatments
that have not been approved by the US Food and Drug
Administration or may not be consistent with accepted
guidelines.5
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ASCO, through its wholly owned subsidiary, CancerLinQ
LLC, created CancerLinQ6 in response to this need. Medical
oncology organizations in the United States with at least one
ASCO member are eligible to participate in CancerLinQ.
CancerLinQ extracts data directly from EHRs or supporting
data warehouses (the data from warehouses are native
EHR data) of subscribing organizations, aggregates and
harmonizes the data, and provides the data back to the
subscriber for health care operations and quality im-
provement purposes. CancerLinQ also provides the prac-
tices with a dashboard of electronic clinical quality
measures (and an electronic pathway toward achieving
Quality Oncology Practice Initiative Certification), tools to
assist physicians who have challenging or unusual cases,
and reports to support business decisions. Most of the EHR
systems used by CancerLinQ sites are not oncology spe-
cific; therefore, the processes described in this manuscript
could be broadly applicable to learning health systems for
other therapeutic areas.

As of March 2020, more than 100 oncology care delivery
organizations have signed participation and business as-
sociate agreements with CancerLinQ. This publication
summarizes the activation process for the first 63 oncology
organizations that contribute data from nine EHR systems.

CancerLinQ DATA ARCHITECTURE

CancerLinQ uses a series of data repositories to support
participating subscribers and secondary use researchers
(Fig 1). Practice data are extracted via query from the
underlying database (pull), or the practice puts the data
into an agreed upon format and pushes it to CancerLinQ.
CancerLinQ uses Jitterbit (Alameda, CA) to develop and
maintain these connections and templates between Can-
cerLinQ and each subscriber’s EHR. Practices that push
data receive templates from CancerLinQ partner Jitterbit.
Whereas CancerLinQ performs quality control checks on
the inbound data, the organization is ultimately responsible

for the queries that generate the data and for ensuring data
completeness. Once extracted, data are converted to
a JavaScript Object Notation format and then landed in
a secure file transfer protocol site for additional processing.
Pull practices provide nightly data feeds, whereas push
practices set the schedule for data feeds.

Data are then processed into the Data Lake or D1. Master
D1 data are implemented as an Amazon S3 structure and
also presented in Amazon Redshift (Amazon Web Services,
Seattle, WA). D1 is not harmonized or standardized in any
meaningful way from its initial structure and content in the
local EHR or warehouse. This flexible design allows the data
to convey the attribute names, detailed values, and its
implicit and explicit relationships from the underlying EHR,
supporting data provenance. Content varies greatly among
EHR vendors. The complexity is compounded by practice
customization. D1 contains protected health information
(PHI) as defined by the Health Insurance Portability and
Accountability Act of 1996 (HIPAA), such as names, ad-
dresses, medical record numbers, etc, as well as in-
formation about the specific practice that sent the data and
the name(s) of treating physicians.

The Clinical Database (D2) is the point at which aggregated
data are available to CancerLinQ subscribers. Data from D1
are processed into D2 via a set of proprietary rules into
a common information model. This includes deduplication
of patients via an electronic master patient index, trans-
formation of the data structure, and conversion of local data
values—for example, drug names, laboratory test names,
specific clinical evaluation names, etc—into standard
representations via a process termed codification. Data in
D2 retain both the original value from the EHR—for ex-
ample, total neutrophil count—and the harmonized value—
for example, neutrophils—and contain PHI. Quality mea-
sures for participating organizations and their individual
physicians are calculated using the D2 codified data.

CONTEXT

Key Objective
CancerLinQ is the only nonprofit, physician-led, big-data platform in cancer. In this article, we describe the process by which

we ingest electronic health record (EHR) data. This information is relevant to entities that want to build learning health care
systems and researchers interested in using the CancerLinQ Discovery databases.

Knowledge Generated
By adopting an EHR-agnostic approach to data ingestion, CancerLinQ created a scalable data pipeline that ingests clinically

relevant structured and unstructured data from participating medical oncology organizations. CancerLinQ currently in-
cludes data from 63 organizations that use nine different EHRs. The database includes 1,426,015 patients with a primary
cancer diagnosis, of which 238,680 have had additional information abstracted from unstructured content.

Relevance
As CancerLinQ grows, the number of potential applications for a learning health care system and real-world research grows.

Expanding on the current data pipeline ensures that the oncology health care ecosystem learns from all patients, not just
those enrolled in clinical trials.

Potter et al
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Because D2 data contain PHI, access is restricted to the
respective participating practices that provided the data.
D2 is implemented in Amazon S3 and Redshift. Figure 2
illustrates an example of a quality improvement report.

The Analytical Databases (D3s) are de-identified repre-
sentations of D2. Access to D3 is provided to subscribing
organizations through tools embedded in the CancerLinQ
application for health care operations and clinical quality
improvement. Unlike D2, where practices can only see their
own patients’ data, subscribers are granted access—via the
application—to de-identified data from all practices so that
they can benefit from collective experience. CancerLinQ
primarily uses Expert Determination (HIPAA privacy rule §
164.514(b)(1)) as its de-identification method, although
Safe Harbor (§ 164.514(b)(2)) is used for some data sets.
Expert Determination requires that “a person with appro-
priate knowledge of and experience with generally accepted
statistical and scientific principles andmethods for rendering
information not individually identifiable: (i) Applying such
principles andmethods, determines that the risk is very small
that the information could be used, alone or in combination
with other reasonably available information, by an antici-
pated recipient to identify an individual who is a subject of
the information; and (ii) Documents the methods and results
of the analysis that justify such determination.”7,8 Cancer-
LinQ utilizes Privacy Analytics Eclipse software (Privacy
Analytics, Ottawa, ON, Canada) to perform Expert De-
termination de-identification. Practice-facing D3s are

implemented in Amazon Redshift, and access is via a data
exploration tool.

The CancerLinQ Discovery (CLQD) program allows re-
searchers to conduct real-world evidence studies on
CancerLinQ’s de-identified data. CLQD data sets are pro-
vided as D3’s, typically as a tumor site–specific subset for
a given research purpose. Researchers from CancerLinQ
subscribing organizations, academic institutions, medical
specialty societies, government entities, and others can
access these de-identified data sets via CancerLinQ. For-
profit entities, including life sciences companies and
payers, must access CancerLinQ Discovery data through
two coexclusive licensees: ConcertAI (Boston, MA) and
Tempus Labs (Chicago, IL). Approved data sets are
implemented in purpose-built Amazon Redshift instances
in Amazon Web Services environments. CancerLinQ has
migrated CLQD to a new environment that will provide
additional functionality for researchers. Full up-to-date
details about the CLQD program are available online.9

Identifiable data in CancerLinQ are collected from the
contributing practices for quality improvement purposes,
and uses of CancerLinQ data, once de-identified, do not
themselves constitute human subjects research activities,
a determination made by an independent institutional re-
view board evaluating CancerLinQ’s regulatory framework
in 2013.10 Although obtaining individual patient authori-
zation for the use of de-identified data is not required under
HIPAA, end users of CLQD data sets are responsible for
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FIG 1. High-level data as-
sets and flows within Can-
cerLinQ. DB, database;
EHR, electronic health re-
cord; NLP, natural lan-
guage processing.
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managing any additional institutional review board re-
quirements at their institutions.

CancerLinQ DATA MODEL

In 2009, the National Quality Forum established a quality
data model (QDM) to describe clinical concepts and pro-
vide a common framework for electronic performance
measurement. The QDM is now maintained by the Centers
for Medicare & Medicaid Services and the Office of the
National Coordinator for Health Information Technology.11

CancerLinQ adopted an expanded version of the QDM as its
D2 and D3 clinical data model.

The CancerLinQ QDM (Table 1) schema is built around the
patient. CancerLinQ collects PHI on patients for two pur-
poses: to provide meaningful data back to treating physi-
cians at the practice(s), and to identify patients who have
been treated at multiple CancerLinQ participating facilities
to create a longitudinal patient record for patient care.
Provider information is collected and used to calculate
quality measures for each practice and treating physician.
Providers are only shown their subscribing organization–
specific identified data in D2. They are also able to view the
de-identified D3 data through a data exploration tool in the
CancerLinQ platform. This D3 includes de-identified lon-
gitudinal data for all patients.

QDM elements are described with three discrete units of
information: data types, value sets, and code systems. In
D2, this means that most key elements are represented as
quadruplets: an original value, a coded value, a code
system, and a code label. For example, stage group values
are stored in the procedure_performed table as stagegroup
(original value; eg, ‘IIA’), stagegroup_code (261614003),
stagegroup_codesystem (SNOMED CT), and stagegroup_
codelabel (‘Stage 2A’). We use established terminologies to

represent value sets and coding systems, depending on the
data type of interest—for instance, Logical Observation
Identifiers Names and Codes for Laboratory Tests,12

RxNorm codes for Medications,13,14 and International
Classification of Disease (ICD) codes for diagnoses.15

Where available, CancerLinQ has retained specific codes
from the source data—for example, Logical Observation
Identifiers Names and Codes in certain EHRs—and cod-
ified additional structured data elements as the data are
transferred from D1 into D2. Data codification is of central
importance as the quality measures require codified values
to operate correctly, and de-identified research data sets
are only be derived from codified values.

The QDM used by CancerLinQ is not fully congruent with
the current version of the Centers for Medicare & Medicaid
Services QDM. It has been modified to support a variety of
clinically relevant oncology data elements that are not well
supported by the base model. We have thus adapted
several variant categories and data types, including Pro-
cedure, Imaging; Procedure, Surgery; Procedure, Radia-
tion; and Radiation Care Plan tables. These tables were
derived by making a more specific version of the Procedure
Performed table and the Care Plan tables from the QDM.
Given the high value of these data elements to patient care
and quality improvement, the need to model additional
curated attributes and the necessity of supporting a degree
of backward compatibility for applications built on the pre-
vious CancerLinQ QDM, we determined that these changes
added value to D1 and D2 without disrupting the core QDM.

Patients in CancerLinQ often have multiple diagnoses. The
diagnosis table contains the complete problem list as struc-
tured data. The treating oncologist enters the data, including
tumor types and noncancer diagnoses. The completeness of
these noncancer diagnoses varies across practices and

FIG 2. CancerLinQ quality measure dashboard.
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physicians as a result of differences in documentation
practices. In addition, some patients have multiple cancer
diagnoses. This may be because of the actual presence of
multiple primary tumors in a single patient, but in some cases,
metastases are initially or incorrectly coded as primary tumors.
Specificity of a diagnosis code may also vary. For example,
a patient with a lung tumor might have ICD-10 code C34
(malignant neoplasm of bronchus or lung), C34.1 (malignant
neoplasm of upper lobe, bronchus, or lung), or C34.12
(malignant neoplasm of upper lobe, left bronchus, or lung),
depending on the recording practices of the individual phy-
sician. This coding variabilitymeans that certain analyses—for
example, patient counts by anatomic site—will yield a sum
greater than the total number of patients, but it also provides
both an accurate record of the data in the EHR and allows
maximum flexibility to manage the data in ways that support
specific uses for health care operations and/or research.

TRANSFORMATION OF D1 TO D2

Transformation of D1 data into D2 is carried out via
a proprietary rules engine. This engine takes input data
types from the EHR and transforms them into output data
types that are consistent with the QDMmodel, as described
above. Two major transformations occur: conversion of the
input data element type and transformation of the input
data element value where it can be matched to a standard
term. Rules can be generic for all subscribers, specific to an
EHR, or specific to a specific implementation of an EHR. An
example related to cancer staging is shown in Figure 3. In

some EHR systems, the stage group data element is
maintained as a single value in a single element in the
underlying database, represented as Staging.Stage Group
in the example. The rules engine takes all of these input
values and maps them to the same QDM data element
(procedure_performed.stagegroup). These transformations
are of the first category—for example, mapping the data
element type. In addition, the representation of the values
requires modification. Figure 3 shows examples of mapping
of these values, converting a variety of representations, such
as 2A, 2a, 2 a, II A, etc, to the standard SNOMED CT
representation of Stage 2A.

Diagnosis.Stage Group A

Diagnosis.Stage Group B

Diagnosis.Stage Group C

Diagnosis.Stage Group D

Diagnosis.Stage Group E

EHR2

Procedure Performed. Stage
Group

Procedure Performed. Stage
Group

EHR1

Staging.Stage Group

‘2A’, ‘2a’, ‘2 a’, ‘Iia’, etc

Values (all sources)
Stage 2A
(SNOMED CT 261614003)

FIG 3. Transformations within the rules engine. EHR, electronic health
record.

TABLE 1. Overview of CancerLinQ Quality Data Model Data Model Version 1.6.1
Data Type Table Name Contents

Demographics Patient Demographics

Diagnoses diagnosis_active Diagnoses-all types, problem list, adverse events

Pathology procedure_performed Staging, histology, laterality, tumor invasion, surgical margin, tumor size
from pathology

Patient assessments functional_status_performed Performance status, therapeutic response, tumor progression

Risk assessments risk_assessment Mental health, pain, and smoking screening, family history

Physical exam values physical_exam_performed Physical examination values for the patient

Laboratory tests laboratory_test_performed Laboratory tests, including genetic tests

Care plan care_plan Treatment intent

Encounters encounter_performed Encounter codes (CPT, SNOMED, HCPCS)

Interventions intervention_performed Indication data of smoking cessation counseling, genetic counseling,
chemotherapy, hospice, etc

Medications (administered) medication_administered Medication administered to the patient

Medications (ordered) medication_ordered Medication ordered for the patient

Radiation therapy radiation_care_plan Abstracted summary radiation therapy information, including type,
location, dose, and total fractions

Radiation therapy procedure_radiation Transactional radiotherapy information, where available

Surgery procedure_surgery Abstracted summary surgical information

Imaging results procedure_imaging Abstracted imaging activities, including size of tumor and progression

Abbreviations: CPT, Current Procedural Terminology; HCPCS, Healthcare Common Procedure Coding System; SNOMED, Systemized
Nomenclature of Medicine Clinical Terms.
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PRACTICE ACTIVATION PROCESS

Practice activation is the process of integrating EHR data
and/or data from other source systems—for example,
secondary systems or enterprise data warehouses—in its
native state into CancerLinQ. This is a cooperative effort
between the subscribing practice and CancerLinQ staff.
The complexity of the task varies depending on the number
of EHRs, end points, and the degree of customization of
each system. Success depends on a practice staff member,
typically a physician champion, who serves as the liaison
between the practice and CancerLinQ, the practice IT
support group (when applicable), CancerLinQ staff, and the
Jitterbit team that installs the data access connector. Acti-
vation time varies depending on the amount of EHR cus-
tomization at each site and the level of local support available
to develop queries to extract information. The process is
shown in Figure 4. There are several key checkpoints where
the data and transformations are validated. The final step is
a review of the practice’s clinical quality measures with staff
at the site. The rate of incremental updates is generally
determined by the needs of the subscriber and the meth-
od—push versus pull—and varies from daily to monthly.

NATURAL LANGUAGE PROCESSING–ASSISTED HUMAN
CHART ABSTRACTION

EHRs contain unstructured information, such as free text
notes created within the EHR and scanned documents
obtained from entities outside of the clinical practice—for

example, surgical reports and molecular pathology reports.
CancerLinQ has access to this content in varying degrees,
depending on the EHR vendor and the willingness/ability of
the site to make external scanned documents accessible.
Trained health care professionals extract unstructured data
by applying predefined chart abstraction business rules via
user interfaces that use natural language processing to help
identify important clinical facts. The abstracted content,
which is now structured, is deposited into D1 and then
processed like any other structured data.

Natural language processing–assisted abstraction is per-
formed by CancerLinQ business associate subcontractors.
All work performed on PHI, including curation work, is
firewalled fromwork related to research. The limiting factors
for high-volume, high-fidelity data abstraction are cost and
the need for a sufficiently trained workforce to manage this
task at scale. CancerLinQ, therefore, has focused curation
efforts on important oncology data elements that are
sourced at low rates from the structured content. Can-
cerLinQ and its curation contractors focus on specific tu-
mor types for which abstraction will more accurately reflect
quality measure scores or for which there are significant
opportunities for quality improvement as a result of active
research. As of March 2020, the CancerLinQ database
includes abstracted data for cancers of the lung, breast,
ovary, pancreas, prostate, colon, rectum, liver, kidney,
bladder, skin (melanoma), and chronic lymphocytic leu-
kemia/small lymphocytic lymphoma.
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Full file
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Provider
attribution

File
validation

?

Practice
measure

validation
?

Yes

Yes

No

No

Load to
preview D2

Load to
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D2
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FIG 4. CancerLinQ activation process. Practices begin by signing a participation agreement and business associate agreement. Note that some electronic
health records do not require a sample file and validation is completed on the full file.
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The first tumor type selected for abstraction was non–small-
cell lung cancer (NSCLC), chosen because of the many new
targeted agents and immunotherapies approved in recent
years and under investigation for this entity. Assessing
NSCLC treatment requires many data elements that are not
well captured by structured data in EHRs, particularly im-
aging, radiation therapy, surgery, and molecular tests. Even
identifying the diagnosis of NSCLC requires the examination
of histology data not typically present in structured content as
ICD-9/10 codes are focused on anatomic location and not
tumor morphology.

Identifying and characterizing adverse events (AEs) is crucial for
quality improvement and research, but AEs pose a particular
challenge for data abstraction. Most patients will experience at
least one AE during treatment, and an occurrence of an AE in
a given patient may be recorded in a discrete field in the EHR
(eg, as a diagnosis in the problem list), in an unstructured text
field or document, in both, or not at all. Limiting the capture of
AEs to a list of expected toxicities is a simplistic solution, but
would greatly restrict the value of the data for identifying newly
described and emerging toxicities. Conversely, attempting to
abstract all AEs, especially commonly occurring ones, such as
nausea or alopecia, from RWD is not a judicious use of re-
sources. CancerLinQ, therefore, abstracts AEs that are asso-
ciated with a sentinel event. Sentinel events include change of
therapy, discontinuation of therapy, emergency room visits,
hospitalization, and death. Discontinuation of an individual
drug, whether it is administered as a single agent or as part of
a multidrug regimen, is considered a sentinel event.

Abstractors record AEs that occur within 30 days of sentinel
events, but do notmake specific assertions about causality. AEs
occurring around sentinel events are more likely to correspond
to grade 3 or higher toxicity as defined by the National Cancer
Institute’s Common Terminology Criteria for Adverse Events.16

SUMMARY OF THE CancerLinQ D2 DATABASE

As of March 2020, the CancerLinQ D2 includes 1,426,015
patients with a primary cancer diagnosis, 733,107 patients
with a primary diagnosis of a benign or in situ neoplasm,
and 893,977 patients with a benign hematology diagnosis.
The total patient population is 2,546,350, and 238,680
patients have chart-abstracted data. Note that patients with
multiple diagnoses will be counted more than once in these

totals. Table 2 summarizes the geographic distribution and
practice size of active CancerLinQ sites.

DISCUSSION AND FUTURE DIRECTIONS

The CancerLinQ learning platform provides feedback to
practices via e-measures that support practice improve-
ments in health care operations and quality of care. Although
this is a critical first step to building an oncology learning
health system, it is certainly not the last. Over the next several
years, we intend to increase the depth and breadth of quality
improvement services that are available to subscribers,
synthesize the data into more usable forms, and develop
tools to support our subscribers’ clinical needs.

CancerLinQ prioritizes the codification and curation of data
elements on the basis of its current health care operations
and quality improvement services. As we gain experience
transforming data from more EHR types, we anticipate
integrating a more robust set of data elements. For ex-
ample, with more integrated health systems joining, we will
have the ability to bring in additional content, especially
surgical and radiation oncology data. Integrating radiation
oncology data is technically feasible, and because the
market for such systems is less fragmented than that for
transactional EHRs in medical oncology practices, and
much radiation oncology data already exist in structured
form, there may be fewer barriers to its integration. Ge-
nomics data are usually available in structured form within
the bioinformatics pipelines at the testing laboratories, but
typically are delivered to the EHR in the form of text—that is,
PDF reports or scanned images. Integration with the source
laboratory systems would reduce the amount of curation
required and provide better value back to the practice.18

Future work will focus on the integration of these data
sources into CancerLinQ.

CancerLinQ data are transactional in nature. It is a tem-
porally organized set of medical observations and in-
terventions relating to a single patient. Whereas we can
transform any locally defined set of such transactional data
into a standardized, standards-based representation of that
data, realizing the full potential of CancerLinQ requires that
we transform these data into knowledge. The first step is
synthesizing the transactional data into a form more rele-
vant to physicians. To accomplish this goal, we have begun

TABLE 2. Percentage of CLQ Sites, According to Geographic Distribution and Practice Size

Region No. of CLQ Sites (%) US Distribution, % Practice Size, No. of Oncologists
No. of CLQ Sites

(% of known sites) US Distribution, %

Midwest 15 (24) 25 1-5 7 (14) 76

Northeast 7 (11) 23 6-12 17 (34) 14

South 27 (43) 33 ≥ 13 26 (52) 10

West 14 (22) 20 Unknown 10

NOTE. Note that geographic distribution sums to 63 to reflect entities that have significant footprint in multiple regions as of March 2020. US Distribution of
practice sizes from Kirkwood et al.16

Abbreviation: CLQ, CancerLinQ.
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to convert transactional drug order/administration events
into regimens and lines of therapy. For example, physicians
treating patients with advanced lung cancer are likely to
want to identify patients who have received the specific
standardized regimen of platinum doublet therapy rather
than look for patients who have received certain numbers
of either carboplatin or cisplatin concurrent with peme-
trexed, etoposide, paclitaxel, etc, within certain defined
time periods.

ASCO, CancerLinQ, the MITRE Corporation, the Alliance for
Clinical Trials in Oncology Foundation, and the American
Society for Radiation Oncology have developed a specifi-
cation known as mCODE, Minimal Common Oncology Data
Elements, based in part on the experience of CancerLinQ.19

The mCODE initiative envisions that EHRs would imple-
ment this standards-based model and be capable of de-
livering relevant information across systems using the Fast

Healthcare Interoperability Resources standard.20 If fully
implemented in EHR systems, and if physicians and other
health care providers consistently record the data in
structured form, it will substantially improve cancer data
interoperability for all participants in the oncology eco-
system, especially patients, and it will enable CancerLinQ to
leverage data more easily for quality of care.21

As CancerLinQ grows, the breadth of potential applications
for a learning health care system widens. Future practice-
facing tools could include RWD visualizations, treatment of
patients with actionable genetic variations, and supporting
treatment of unique or complex cases. Feeding these in-
sights back into oncology practice ensures that we learn
how to treat patients with cancer not just on the basis of the
selective experience of the 5% who enroll in clinical trials,
but from the real-world experience of the entire spectrum of
patients with cancer in the United States.
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