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Abstract: Generating evidence on the use, effectiveness, and safety of new cancer 
therapies is a priority for researchers, health care providers, payers, and regulators 
given the rapid pace of change in cancer diagnosis and treatments. The use of real- 
world data (RWD) is integral to understanding the utilization patterns and outcomes of 
these new treatments among patients with cancer who are treated in clinical practice 
and community settings. An initial step in the use of RWD is careful study design to 
assess the suitability of an RWD source. This pivotal process can be guided by using 
a conceptual model that encourages predesign conceptualization. The primary types 
of RWD included are electronic health records, administrative claims data, cancer 
registries, and specialty data providers and networks. Careful consideration of each 
data type is necessary because they are collected for a specific purpose, capturing 
a set of data elements within a certain population for that purpose, and they vary by 
population coverage and longitudinality. In this review, the authors provide a high- 
level assessment of the strengths and limitations of each data category to inform 
data source selection appropriate to the study question. Overall, the development 
and accessibility of RWD sources for cancer research are rapidly increasing, and the 
use of these data requires careful consideration of composition and utility to assess 
important questions in understanding the use and effectiveness of new therapies.
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Introduction
Generating accurate evidence on the patterns and effectiveness of preventing, diag-
nosing, and treating cancer in real- world settings is a priority for researchers, health 
care providers, payers, and regulators. Real- world data (RWD), or data relating to 
patient health and/or the delivery of health care from routinely collected sources as 
opposed to clinical trials,1 can be an important component in addressing a range of 
important research questions across the cancer continuum. When combined with 
rigorous design and analytic methods, RWD can be used to generate real- world 
evidence about preventive and cancer- focused care delivered outside the selected 
trial populations in which they are often studied. Previous reviews have summarized 
different RWD sources for oncology research, their potential uses, and important 
biases for consideration.2- 4 In this review, we extend this prior work to: 1) introduce 
a conceptual model to help researchers with the process of RWD source selection 
for a given research question; 2) update and describe features of commonly used 
RWD source types, including their strengths and limitations; and 3) provide an ex-
ample of RWD source selection using a case study from a recently published article.

Conceptual Model
We propose a conceptual model (Fig. 1) to assist researchers in assessing the suit-
ability of an RWD source for answering a specific cancer- related research question. 
The model has 3 primary steps: 1) clearly define the research question, 2) understand 
the data source contents and target population coverage, and 3) assess the data source 
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relevance to the research question. In step 1, we recommend 
applying the previously published PICOTS framework to 
clearly delineate the population, intervention, comparator, out-
come, timing, and setting.5,6 This framework is often used in 
evidence- based practice and thus can be adapted as a way 
of emulating a target trial using nonrandomized RWD.7 It 
may also be useful for researchers to think through the study 
goal— description (eg, summarizing patterns), prediction (eg, 
identifying those likely at risk of an event), or effect estima-
tion (eg, identifying effects of interventions or policies)— to 
clarify objectives and interpretation.8 Step 2 highlights the 
importance of fully understanding representation and con-
tent of the data and coverage of the target population to 
which study the results will ultimately apply. The PICOTS 
framework and a clear specification of the target population 
outline the data requirements for a specific study question. 
In step 3, researchers must then assess the relevance of the 
data source for the proposed research question. This in-
cludes understanding the original purpose for which it was 
generated and key steps in data provenance and processing. 
Understanding the original data collection processes pro-
vides insight into the quality of specific data elements and 
whether the RWD source is suitable, or f it- for- purpose, for 
the intended use case.9,10 Information about the availability 
of specific variables, their completeness, and their validity is 
another key component of this assessment. There is substan-
tial variability across RWD sources in the type, breadth, com-
pleteness, and quality of data elements. Understanding the 
underlying differences in RWD sources is central to the ap-
propriate selection and valid use of RWD for cancer research.

Real- World Data Types
The landscape of RWD is broad, expanding, and includes a 
variety of data source types that represent the complex and 
fragmented delivery of health care in the US system. Because 
of this fragmentation, RWD may be influenced by several 
key factors: who is paying for care (insurer), who is delivering 

the care (provider), where the care is delivered (geography or 
health system), or the specific population represented (disease 
or demographic). The main categories of RWD sources cov-
ered in this review, although not fully comprehensive, include 
those most commonly used by researchers. These include the 
following: 1) administrative claims, 2) electronic health re-
cords (EHRs), 3) registries, 4) health care data aggregators, 
and 5) specialty data providers and networks (Table 1).11- 26 
Of note, these categories are somewhat subjective and data 
sources are dynamic, continually expanding their capture of 
information through data linkage and collation of other re-
sources. As such, we acknowledge that others may consider 
specific datasets in different categories. Within each of these 
high- level categories are more detailed types and subtypes re-
lated to the network, organization, facility, setting, or modality 
of health care covered by the data source. Appropriate analysis 
of RWD requires an understanding of both the original pur-
pose and current use cases of the data because the primary use 
case and subsequent changes made provide important con-
text about the data elements captured and the data structure. 
Table 2 provides details about each RWD type, including the 
population and estimated coverage, strengths and limitations, 
and example studies from the literature.

Administrative Claims Data
Administrative claims data have been a longstanding source 
of RWD for cancer research. These data recorded for reim-
bursement purposes include information about coded diag-
noses and services rendered during patient visits from claims 
for insurance providers. Longitudinal data from claims can 
be captured on individuals who are continuously enrolled in 
specific health insurance plans or pharmacy or other specific 
programs. Common sources of administrative data used by 
cancer researchers include enrollment and claims data gen-
erated from government insurers, including Medicare (fed-
eral level) and Medicaid (state level); commercial insurance 
providers; and health care claims data aggregators.

FIGURE 1. Conceptual Model to Guide the Selection of a Real- World Data Source for a Specific Cancer- Related Research Question.
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TABLE 1. Overview of Oncology Real- World Data Sources: Data Elements, Intended Purpose, and Examples

DATA TYPE DATA SUBTYPE DESCRIPTION TYPES OF DATA AVAILABLE INTENDED PURPOSE EXAMPLE

Administrative 
claims

Private insurers Administrative claims are generated to 
record health care transactions between a 
health care plan and health care providers 
for covered individuals; private health 
insurers may provide accessibility to these 
data for researchers through licensing and 
signing a data use agreement directly or 
through third- party vendors

Enrollment, demographics, dates 
of service, diagnosis codes, 
procedure codes, vital status, 
and pharmacy transactions

Data are collected for the 
purposes of billing and 
reimbursement for health 
care services (eg, medi-
cal, pharmacy)

Sharma 202011

Public/federal insur-
ers (Medicare)

Federally sponsored health insurance 
coverage for adults aged 65 y and older 
and selected individuals with disabilities; 
administrative claims capture health care 
transactions between covered individuals 
and health care providers; researchers can 
access these data through a submission 
and approval process, which also requires 
a data use agreement

Enrollment, demographics, dates 
of service, diagnosis codes, 
procedure codes, vital status, 
and pharmacy transactions

Potosky 199212

Public/state insurers 
(Medicaid)

State- provided health insurance coverage 
for specific populations (eg, income- 
based, pregnant women, and children); 
administrative claims generated through 
the reimbursement of covered services are 
recorded; researchers can access these 
data through a submission and approval 
process, which also requires a data use 
agreement

Enrollment, demographics, dates 
of service, diagnosis codes, 
procedure codes, vital status, 
and pharmacy transactions

Maclean 202013

Electronic 
health record 
(EHR)

Health maintenance 
organizations 
(HMOs)

Health system or catchment area provides 
patient care aggregated through an 
integrated model of health care delivery, 
including coordination of a health care 
plan, medical physician groups, and a 
health care facility system

Varies by HMO; typically 
includes data required for the 
provision of clinical care across 
the HMO settings as well as 
billing purposes, such as demo-
graphics, clinical variables, 
diagnosis, radiology, laboratory, 
diagnostics, and pharmacy

Data are collected for the 
documentation, assess-
ment, and provision of 
clinical care and treat-
ment pathways within 
health care systems or 
inpatient or outpatient 
settings

Bowles 201214

Ambulatory care EHR systems developed to facilitate the 
provision of care in the outpatient setting, 
including physician office visits, radiology 
centers, laboratories, and other treatment 
centers, for the primary purposes of 
clinical care, documentation, and quality 
assessment

Demographics, diagnosis, clinical 
variables, medical oncology, 
radiation oncology, radiology, 
laboratory, diagnostics, and 
pharmacy

Lau 201115

Inpatient care EHR systems developed to facilitate the 
provision of care in the inpatient set-
ting, including hospitals, systems, and 
long- term care facilities, for the primary 
purposes of highly monitored clinical care, 
documentation, and quality assessment

Demographics, diagnosis, clinical 
variables, radiology, laboratory, 
diagnostics, and pharmacy

Callahan 
202016

Registry data Federally sponsored 
(SEER, NPCR)

Data that are collected and curated system-
atically on a specific disease, condition, 
or population and entered into federally 
managed registry

Data variables are typically 
organized around variables to 
evaluate the etiology, diagno-
sis, treatment, and outcomes 
of patients within the registry

Provides epidemiology 
of disease incidence, 
prevalence, and trends 
for disease monitoring; 
data that are curated sys-
tematically according to 
data standards as part of 
public health reporting; 
data are HIPAA- exempt 
for maintaining PII and 
linking longitudinally

Cronin 201817

(Continues)
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DATA TYPE DATA SUBTYPE DESCRIPTION TYPES OF DATA AVAILABLE INTENDED PURPOSE EXAMPLE

State or regional 
registries

Data that are collected and curated system-
atically on a specific disease, condition, or 
population that cover a specific geogra-
phy, population, or is captured under state 
regulation (public health reporting)

Incidence data and trends, high- 
level data collection, survival 
trends

Contributes to epidemiol-
ogy of disease, monitors 
trends in disease, and 
supports public health 
planning; data that are 
curated systematically ac-
cording to data standards 
as part of public health 
reporting for the specific 
disease state; data are 
HIPAA- exempt for main-
taining personal identities 
and linking longitudinally

Gearhart- Serna 
202018

Industry- sponsored 
(drug specific)

Voluntarily developed or mandated for 
postmarketing to collect data specifically 
on patients receiving a specific drug or 
combination of drugs to allow longitu-
dinal exposure monitoring for potential 
adverse events, safety, outcomes, and 
follow- up data

Demographics; pharmacy, 
including drug dosing and 
administration, laboratory, and 
adverse drug events (related to 
the drug of interest)

Collect data elements 
on patients receiving a 
specific agent

Brown 201319

Hospital- based 
registries (NCDB)

Registries developed to capture information 
for quality assurance at the facility level, 
with the focus on patients treated within 
the health care system

Demographics, clinical variables, 
limited treatment, incidence 
data and trends, survival 
outcomes; subset of practices 
include detailed data on cases, 
including quality measures

Monitoring quality of care 
at the facility level

Boffa 201720

Disease- specific 
registries (cancer 
site)

Registries developed or established to 
collect data on patients with a specific 
disease (eg, rare cancer)

Demographics, treatment data, 
pharmacy, diagnosis, labora-
tory, and clinical variables 
(related to the specific disease)

Data collected from 
patients with a disease 
for longitudinal monitor-
ing and epidemiologic 
studies

Steele 200622

Health 
care data 
aggregators

Nonprofit Data aggregators combine data across var-
ied sources using a specified data model 
(eg, federated or software system- based) 
to provide composite data for evaluation

Demographics, diagnosis, and 
clinical variables (can vary: ra-
diology, laboratory, diagnostics, 
pharmacy)

Used to measure care 
delivery or improve qual-
ity of care (CancerLinQ); 
used to gather data on 
patient- centered out-
comes (PCORnet); used 
to query signals to assess 
drug safety for marketed 
products (Sentinel)

Brown 202023

Commercial Single- sourced, curated data Demographics, diagnosis, clinical 
variables (can vary: radiol-
ogy, laboratory, diagnostics, 
pharmacy) from one system or 
group of systems

Clinical data that are 
refined and cleaned 
for research purposes 
(eg, Flatiron, primarily 
Oncology EMR software)

Khozin 201924

Multiple unique sourced Demographics, diagnosis (can 
vary: radiology, laboratory, 
diagnostics, pharmacy) from 
multiple sources across geo-
graphic areas

Data that are collected 
and curated from heter-
ogenous data sources to 
fit commercial research 
models (eg, COTA Inc, 
Symphony Health, 
HealthVerity, OptumLabs)

Kabadi 201925

Specialty data 
providers and 
networks

Varied Organizations capturing a specific indi-
vidual data type, such as radiology images 
or reports, administrative pharmacy data, 
or genomic information

Demographics, diagnosis, clinical 
variables (can vary: radiology, 
laboratory, diagnostics, phar-
macy), document type can vary 
by image or report (eg, DICOM 
or pdf)

Data exchange— typically 
to enhance clinical 
care— enabling providers 
across different entities 
to view patient results

Gajra & 
Feinberg 
202026

Abbreviations: DICOM, Digital Imaging and Communications in Medicine system; HIPAA, the Health Insurance Portability and Accountability Act of 1996; NCDB, 
National Cancer Data Base; NPCR, National Program of Cancer Registries; pdf, portable document format; PII, personally identifiable information; SEER, Surveillance, 
Epidemiology, and End Results program of the National Cancer Institute.

TABLE 1. (Continued)
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TABLE 2. Characteristics of Oncology Real- World Data Sources: Coverage, Strengths, and Limitations

DATA TYPE DATA SUBTYPE POPULATION
COVERAGE/

LONGITUDINALITY
COVERAGE ACROSS 

SETTINGS STRENGTHS LIMITATIONS

Administrative 
claims

Private insurers Individuals with specific 
insurance coverage 
(eg, employer- based, 
self- insured, other)

Longitudinal capture 
of health care service 
encounters while 
enrolled in benefits; 
vital status is often 
available for state 
and federal insurance 
programs

Medium to high; 
coverage is based on 
benefits enrollment; 
can include capture of 
inpatient, outpatient, 
and pharmacy services

Clear population denomi-
nator; longitudinal data 
capture

Often short enroll-
ment periods; lacks 
clinical details and 
laboratory results; 
no information on 
provider or patient 
intent/preference

Public federal 
insurers 
(Medicare)

Adults aged 65 y and 
older or with qualify-
ing disabilities

Clear population denomi-
nator; longitudinal data 
capture; often a more 
stable enrolled popula-
tion; has been linked to 
other forms of data (eg, 
registry); vital status data 
available

Does not include in-
dividuals enrolled in 
Medicare Advantage; 
lacks clinical details 
and laboratory 
results; no informa-
tion on provider 
or patient intent/
preference

Public/state 
insurers 
(Medicaid)

Income- based eligibility 
or coverage for special 
populations (eg, 
pregnant women and 
children)

Clear population denomi-
nator; longitudinal data 
capture; several states’ 
data can be accessed 
through centralized 
processes; vital status 
data available

Often population is 
unstable because of 
fluctuating eligibility 
requirements; lacks 
clinical details and 
laboratory results; 
no information on 
provider or patient 
intent/preference

Electronic 
health record 
(EHR)

Integrated 
delivery 
organizations

Individuals enrolled 
and receiving care in 
a health maintenance 
organization

Longitudinal capture 
of health care service 
encounters while 
enrolled in benefits

High Clear population denomi-
nator; longitudinal data 
capture; high level of 
completeness across care 
settings; low rates of 
attrition within plan

Not representative of 
general population 
or patients in fee- for- 
service plans

Ambulatory care Patients receiving care 
within the specified 
outpatient setting 
captured through the 
source

Coverage may be 
sporadic, depending 
on sharing between 
centers based on the 
use specific of EHR 
software

Medium to low; only 
available through 
central linkage by EHR 
software or previously 
linked clinical centers

Contains data that 
may not be captured 
elsewhere

Care received outside 
of the system would 
not be documented; 
not longitudi-
nal (question- 
dependent); 
population denomi-
nator often unclear

Inpatient care Patients receiving care 
within the specified 
inpatient setting 
captured through the 
source

Lacks longitudinality 
because the data are 
episodic and typically 
best used for short- 
term studies

Medium to low; only 
available within health 
systems with a com-
mon EHR software

Provides detailed data for 
episodic study

Care received outside 
of the system would 
not be documented; 
population denomi-
nator may not be 
clear

Registry data Federally spon-
sored (SEER, 
NPCR)

Combined data from 
all patients who have 
cancer within a spe-
cific set of geographic 
catchment area 
(based on regional 
and/or state registries)

Longitudinal capture 
of health care for 
available data sources; 
may have gaps in 
knowledge (eg, 
treatment over time, 
recurrence)

Medium to high; 
consolidates data from 
across multiple health 
care settings and 
providers

Large sample size of 
population- based data; 
facilitates temporal 
trends assessment across 
different strata

Delays in reporting of 
data; limited detail 
currently

State or regional 
registries

All patients who have 
cancer within a 
specific geographic 
catchment area

Longitudinal capture 
of health care for 
available data sources; 
may have gaps in 
knowledge (eg, 
treatment over time, 
recurrence)

Medium; consolidates 
data from across 
multiple health care 
settings and providers

Includes all cancers 
diagnosed within geo-
graphic area; followed 
longitudinally

Limited outcomes; lim-
ited detailed data on 
treatment, genomic 
characterization

(Continues)
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Approval of the Health Insurance Portability and 
Accountability Act (HIPAA) of 1996 led to requirements 
that resulted in claims data sources sharing many common 
data elements. Importantly, most administrative claims 
databases contain enrollment files, which track individual 
monthly enrollment in a covered health plan over the time 
span of the data source. This distinct longitudinal feature 
enables a clear description of a population over time that 
can be used to define a study denominator. In addition, 
many claims data sources contain patient health data across 
health care settings, including inpatient visits, outpatient 
visits, or other specialty health care providers. Increasingly, 
health plans provide additional pharmacy benefits and thus 
include prescription medication dispensing information 

from outpatient or community pharmacies. The latter data 
are increasingly important in understanding cancer out-
comes in the context of treatment. In general, health care 
services that are not reimbursable by the health plan or 
program (eg, over- the- counter medicines or services paid 
out of pocket by the patient) are not captured. In addition, 
the type of insurance plan or program participation by the 
patient or provider may influence the sensitivity and spec-
ificity of care as recorded in the claim (eg, fee- for service 
vs managed care, such as health maintenance organizations 
or accountable care organizations). Claims data can also 
include valuable information on health care delivery that 
enables research on providers, care quality, access, hospital 
volume, and prescribing patterns.

DATA TYPE DATA SUBTYPE POPULATION
COVERAGE/

LONGITUDINALITY
COVERAGE ACROSS 

SETTINGS STRENGTHS LIMITATIONS

Industry 
sponsored 
(drug- specific)

Limited, drug- specific 
only

Coverage is limited; 
longitudinality is typi-
cally good

Medium to high; for a 
very specific popula-
tion only

Very detailed information 
on specific data elements

Very narrow data 
collection

Hospital- based 
registries 
(NCDB)

Patients receiving diag-
nosis or treatment in 
inpatient facilities or 
associated outpatient 
facilities

Limited capture of lon-
gitudinal follow- up of 
patient— dependent 
on access to informa-
tion outside the 
institutional setting

Medium; consolidates 
data from across 
multiple health care 
settings and providers

More detailed data on 
each patient if within 
selected site; focus on 
facility quality of care

Not a population- 
based sample; 
limited information 
on care delivered 
outside the facility 
setting

Disease- specific 
registries 
(voluntary)

Voluntary submission 
for a specific disease

Coverage is limited as 
focus on a particular 
disease; longitudinal-
ity is typically good; 
volunteer- based

Medium to high; for a 
very specific popula-
tion only

Well defined cohort of in-
terest; potential to target 
rare or unusual cancers

Limited data because 
of volunteer 
reporting

Health 
care data 
aggregators

Nonprofit Variable, depends on 
the aggregator’s 
purpose

Highly varied on data 
source; may be similar 
to EHR or claims- 
based sources

Medium to high; varies 
by source, although 
the objective is often 
longitudinal

If purpose is well defined, 
produces high- quality 
studies

Convenience, not 
population- based, 
sample

Commercial Patients receiving care 
within the specified 
setting captured 
through the source

Highly varied on data 
source; may be similar 
to EHR or claims- 
based sources; based 
on care received in the 
specific system

Medium to high; varies 
by source, although 
the objective is often 
longitudinal

Ability to curate data 
for specific purpose or 
extract variables (eg, 
EGFR)

Convenience, not 
population- based, 
sample

Patients receiving care 
within the specified 
setting captured 
through the source

Coverage is complex 
and varies significantly 
by the intersection of 
linked sources; highly 
varied on data source; 
may be similar to 
EHR or claims- based 
sources

Medium to high; in-
cludes various settings

Includes multiple, heter-
ogenous data sources to 
provide a detailed, longi-
tudinal understanding of 
clinical interaction

Complete coverage for 
all data types may be 
sparse; convenience, 
not population- 
based, sample

Specialty data 
providers and 
networks

Varied Variable, depending on 
the network size and 
mission

Highly varied based on 
data source purpose 
and structure

Typically crosses 
multiple health care 
settings

Variable by data source; 
may provide detailed 
clinical data elements 
from the specific source

Variable by data 
source; may have 
limited capture of 
complete clinical 
picture; may require 
linkage with other 
sources

Abbreviations: NCDB, National Cancer Data Base; NPCR, National Program of Cancer Registries; SEER, Surveillance, Epidemiology, and End Results program of the 
National Cancer Institute.

TABLE 2. (Continued)
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Because administrative claims are generated for bill-
ing purposes rather than for patient care, the validity and 
completeness of costly procedures (eg, surgical resection) 
are likely to be high; however, the accuracy of specific diag-
noses (eg, hypertension) is variable and depends on several 
factors. These include the specific patient population and 
the provider setting (eg, physician office vs inpatient care). 
On a specific claim, only the diagnoses and procedures that 
are needed to describe clinical care provided for reimburse-
ment are likely to be included, which may lead to reduced 
sensitivity in the capture of certain outcomes. In addition, 
administrative data often lack important clinical, laboratory, 
or behavioral health information that may be important for 
cancer research, such as the cancer stage, genomic biomarker 
testing results, and smoking status.

Substantial efforts have been made to address some of 
these limitations in oncology by linking administrative 
claims with registry (eg, the National Cancer Institute’s 
Surveillance Epidemiology and End Results [SEER] pro-
gram) and survey (eg, the Health and Retirement Survey) re-
sources. The National Cancer Institute has led several efforts 
to enhance cancer research data for the scientific commu-
nity, resulting in widely used resources, including SEER- 
Medicare,27 SEER- Consumer Assessment of Healthcare 
Providers and Systems,28 and the SEER- Medicare Health 
Outcomes Survey.29,30

Electronic Health Records
EHRs are another increasingly prevalent RWD type. 
EHRs can provide rich information that may not be avail-
able from other types of RWD because they contain data 
from multiple sources within the health care system (eg, 
pathology reports, laboratory results, medication records, 
provider notes). However, the vast majority of information 
held within EHRs is maintained in unstructured text doc-
uments or is captured as a scanned, nonoptical character 
recognition portable document format, requiring curation 
and translation to extract structured data. Furthermore, 
EHRs do not include comprehensive information on 
health care provided outside the facility covered by the 
system. A patient with cancer may have data held indepen-
dently within multiple EHRs across hospitals, community 
oncology practices, radiation oncology practices, or other 
settings, depending on the software used and its integra-
tion across these practices.31,32 This is especially true for 
patients at different stages in their cancer journey. For ex-
ample, a newly diagnosed patient may see a general practi-
tioner or urologist, and early treatment phases may have a 
combination of surgical and systemic treatments provided 
in different practices. Patients undergoing passive surveil-
lance or cancer survivors may also receive a large propor-
tion of their care outside of an oncology practice.

There are now emerging opportunities to extract data 
across electronic health systems using fast health care interop-
erability resources technologies. There are also potential op-
portunities for manually assisted natural language processing 
or deep- learning methods to capture vast, unstructured data 
directly within EHRs. These tools may partially overcome 
the limitations of fragmented and unstructured data but are 
still early in implementation or systematic use. EHRs may 
include granular information, but the data are not adjudi-
cated or quality checked as part of routine practice, which 
may result in inconsistencies in key data elements (eg, cancer 
stage).33

EHR data systems often are not interoperable, even 
across the same EHR system, which is a critical barrier to 
their use in research. However, new requirements issued 
by the US Department of Health and Human Services 
Office of the National Coordinator for Health Information 
Technology (ONC) mandate an increased ability to share 
data across these various systems to assure continuity of pa-
tient care.34,35 As part of the 21st Century Cures Act,36 2 
new laws colloquially known as information (or data) block-
ing laws are being enacted by the ONC and the Centers for 
Medicare and Medicaid Services. The ONC rule specifically 
requires health care providers to adopt or integrate standard-
ized application programming interfaces into their electronic 
medical records. These requirements mean that all patients 
will have direct access to their electronic health information 
(structured and/or unstructured) using smart phones (or 
computers) at no cost. Similar to the application of HIPAA 
on claims data, this law will require a standardized set of data 
(referred to as data classes and data elements) outlined as the 
United States Core Data for Interoperability.37 Although 
these data are still untested and their ability to capture spe-
cialty care like oncology is less clear, broad adoption of these 
application programming interfaces are likely to signifi-
cantly improve data interoperability and the ability to share 
electronic data between and across health care systems.

Integrated care delivery conducted by health care main-
tenance organizations represents a different type of health 
care delivery in which comprehensive care is provided to pa-
tients for almost all health care services. The integrated care 
delivery model includes the coordination of a health care 
plan, medical physician groups, and a health care facility sys-
tem.38 From a data perspective within the EHR, the model 
includes all billed services for patients within the closed 
system— unlike fee- for- service insurance plans, in which 
patients can select care across multiple systems. Several inte-
grated care organizations have consolidated their data into a 
virtual data warehouse to facilitate research.38,39 The use of 
an EHR system across integrated care providers facilitates 
data access and, if patients do not receive care outside that 
system, potentially enables complete data on each patient. 
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This is in contrast to the data from fee- for- service care plans 
and systems that are fragmented across various practices and 
EHRs. An additional caution is that there is little assessment 
of quality of the data contained in the EHR system.

In summary, although EHRs can provide rich and deep 
data on a patient, the data may yield only a partial picture 
of the patient trajectory longitudinally because cancer care 
may be received in multiple facilities with different EHR 
systems.31 Nevertheless, with the appropriate evaluation and 
study design, EHR data can be used effectively and appro-
priately to address many research questions.40- 43

Cancer Registries
Registries are designed to collect uniform and system-
atic data on a population of patients based on exposure, 
disease, or outcome. Registries may or may not be inde-
pendent of any one health system, payer, or EHR data 
vendor. Cancer registries compile records specifically on 
patients with cancer. These can be convenience- type sam-
ples (eg, volunteer registries for specific cancer types or 
drug- specific registries) based on a health care setting (eg, 
hospital registries) or population- based (state or central 
cancer registries). Most registries are designed for a spe-
cific purpose— for example, registries of patients repre-
senting rare tumors or familial syndromes. Many registries 
frequently collect information that may not be available 
from more traditional sources, such as detailed exposure 
data (eg, diet, physical activity) and patient- reported out-
comes, but they typically represent a nonrandom sample of 
patients. Hospital- based registries capture detailed data on 
each patient and are useful for understanding the quality of 
care provided within a specific hospital setting. However, 
these health care system- based registries may not capture 
data on care provided outside the system in which the reg-
istry is based, similar to the limitations of EHR data. For 
example, if recurrence is diagnosed in the oncology office, 
the recurrence may be unidentified by the hospital- based 
registry. Facility- based registries may also have limitations 
for understanding the outcomes of tests ordered by the 
oncologist because the test results are sent directly to the 
oncologist and are not entered into the hospital- based 
information system.44 These hospital- based registries 
are becoming increasingly agile, as new data items may 
be added readily, and data are often available in real time 
to enable analysis of quickly evolving clinical issues. The 
most important role for these hospital- based registries is 
in monitoring provider metrics and improving the quality 
of care for patients treated at that facility.45

Central cancer registries are unique in that they are le-
gally mandated in each state and provide a census of all 
patients with cancer in a well defined geographic area. 
Central registries (usually state- based) collect data under 

state regulations that require the reporting of patient 
identifying health information (personally identifiable in-
formation [PII] and protected health information) from 
all health care providers. This data collection is HIPAA- 
exempt as part of public health reporting. Registries must 
maintain PII to comply with the requirement to consoli-
date data from multiple sources into a single record and to 
follow patients over time. This consolidation of multiple 
sources provides a more comprehensive picture of the can-
cer case, although currently the data collection is focused 
on the incident diagnosis and subsequent therapies. These 
registries do perform routine, and often active, follow- up 
of every patient from diagnosis until death. They contain 
detailed data on the characterization of each cancer case. 
By using new linkage methodologies, that characteriza-
tion is being enhanced to include more clinically relevant 
information— such as genomic characterization of the 
cancer and detailed treatment received by each patient. 
National cancer registries include SEER and the National 
Program of Cancer Registries, which collate de- identified 
data from participating state central cancer registries that 
are then made accessible to researchers.

Limitations of registry data include a lack of informa-
tion about longitudinal treatment and outcomes other than 
survival. Those deficiencies are being addressed through 
several new initiatives, including linkage of registry data 
with data collected by other organizations and external part-
ners.46,47 These new methods, along with the integration of 
real- time access to pathology reports, will also enable data 
to be reported in a more contemporary interval. With the 
addition of these new data, and because population- based 
cancer registries cover all patients within a defined geo-
graphic area, such registries provide an important opportu-
nity to supplement understanding of therapeutic advances 
and their impact and effectiveness outside the clinical trial 
setting for population subgroups that may be underrepre-
sented in clinical trials. An additional important component 
of population- based registries is that linked studies, even if 
not linked to the entire population, can provide information 
on characteristics of those individuals not included in the 
linkage to better understand bias.

Health Data Aggregators
The use of health data aggregators is increasingly com-
mon with the development of novel technology platforms, 
privacy- preserving linkages via encryption, and the need for 
more rapid and advanced data analytics. Health data aggre-
gators, often called health technology data companies, en-
able health care data to be harnessed from across different 
clinical sources and sites in an integrated fashion. In the 
current review, we define data aggregators as entities that 
combine data across varied clinical sources and sites using 
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a specified data model (eg, federated or software system- 
based) to provide multimodal composite data for evaluation. 
The resulting data sources may include patients from the 
general population and diverse clinical settings (ie, general 
practice, hospital, specialty clinic, pharmacy, etc) or may 
be restricted to certain diseased populations (eg, oncology 
clinics). The organization performing the aggregation may 
be gathering data for either nonprofit purposes (eg, quality 
improvement), or commercial purposes (eg, drug develop-
ment), or both. It is critical to understand the diversity of 
sources being aggregated, the primary research intention, 
and the business model driving the data aggregation as well 
as to recognize that these data generally do not represent the 
entire population of patients.

Generally, the objective of data aggregators is to try to 
address the longitudinal and disparate challenges of data 
capture in the US health care delivery system. Therefore, 
they provide an infrastructure to capture patient care 
across the various health care facilities, physician practices, 
and laboratories that comprise the fragmented US health 
care system. Examples of data aggregators include, but 
are not limited to, HealthVerity,48 IQVIA,49 Symphony 
Health,50 Flatiron,51 and OptumLabs.52 Although in-
dividual data sets may be limited to a single practice, 
health care system, or EHR software vendor, health data 
aggregators reduce those barriers by linking on a com-
mon protected identifier (usually encrypted) to provide 
aggregated, individual- level data across data sources. This 
approach provides a potentially more complete picture of 
health care utilization. The ability of aggregators to se-
curely link patients may also result in an increased sample 
size, especially in rare diseases.

Limitations of data aggregation include the potential 
for selection bias (because patients with linkable data across 
clinical settings may differ from those without), and missing 
information is unlikely to occur at random. In designing a 
study, missingness across different clinical data types might 
be challenging to interpret or adequately understand. This 
can be particularly problematic for data analysts, who must 
be familiar with the underlying data structure and prov-
enance of all data types. Moreover, the data pipelines and 
capture of elements often lack transparency and may not be 
systematic across all data sources. Often, these data are more 
challenging to use because privacy- preserving aggregation 
does not allow the source data to be reviewed for required 
comparisons when data quality issues or discrepancies arise. 
Although data aggregators may have an increased sample size 
and a large representation of heterogeneous data, close exam-
ination of the completeness, systematic capture, and longitu-
dinality of the data requires close collaboration with the data 
vendor and an analyst who has appropriate training. The ap-
propriate use of these large data sets requires familiarity with 

each data component and the potential impact of selection 
bias and/or data limitations (eg, missingness).

Specialty Data Providers and Networks
In addition to more traditional RWD sources, another cat-
egory exists that is less well defined and more heterogene-
ous, but potentially important. It includes organizations 
that gather data or provide networks based on specialized 
data or for specific purposes. Examples include large elec-
tronic medical records interoperability networks, such as 
Carequality,53 that coordinate information across multiple 
health care settings to support secure information exchange 
among disparate health care providers. Other examples of 
specialty networks include SureScripts,54 which gathers 
electronic prescription data in a central repository for clini-
cal decision making, and AmbraHealth, a specialty organi-
zation that networks radiology images and reports across 
different health care centers.55 Although these may be less 
commonly used as RWD sources and are less easily catego-
rized, they represent potentially important sources that may 
provide more comprehensive clinical data in specific areas, 
such as imaging.56,57 Some of these data sources may be in-
clusive, whereas others serve as a convenience sample with 
the associated limitations.

Case Study: From Research Question to 
Selection of RWD Source
Here, we demonstrate how the conceptual model pre-
sented above can be applied to a given cancer- focused 
research question and guide the selection of an RWD 
source. A recently published article by Reeder- Hayes and 
colleagues58 aimed to describe the uptake of ovarian sup-
pression concurrent with endocrine therapy and its effects 
on endocrine therapy persistence among premenopausal 
women with invasive, nonmetastatic breast cancer. That 
RWD study question arose after a recent trial showing 
a clear benefit from adding ovarian suppression to endo-
crine therapy, particularly for premenopausal women, in 
prolonging disease- specific survival.59,60 However, these 
benefits came at the cost of increased patient- reported 
side effects, including worsening hot flashes, loss of sexual 
interest, vaginal dryness, and sleep problems. In turn, the 
decision to use ovarian suppression concurrent with en-
docrine therapy among this population in clinical practice 
is complex. Therefore, the authors decided to conduct a 
study to examine questions surrounding the uptake and 
effects of concurrent variance suppression on endocrine 
therapy persistence using RWD.

In step 1 of the conceptual model, the authors had to 
clearly identify the key components of the research question 
using the PICOTS framework, as detailed in the column 
headed STEP 1 in Table 3.58 Specifying each component 
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of the framework helped to solidify the study goals. Here, 
the intent of the authors was both descriptive— to evaluate 
the use of concurrent ovarian suppression and endocrine 
therapy— and causal— to estimate the effects of concurrent 
therapy versus endocrine therapy alone on endocrine therapy 
persistence.

Using the PICOTS framework and clearly specifying 
the study aims clarified the target population of interest. In 
step 2 of the conceptual model, the researchers identified 
RWD sources that could be used to address the study ques-
tions of interest. In assessing the relevance, feasibility, and 
accessibility of a given RWD source, researchers must con-
sider the data contents and coverage of the RWD source. 
In step 2, Reeder- Hayes and colleagues considered 3 RWD 
types because of their accessibility: the IBM MarketScan 
Commercial Claims and Encounters Databases, a single 
health care system electronic medical records database, and 
a single state cancer registry, as shown in Table 3.

First, to identify the population of interest, the authors 
needed information on cancer staging, hormone receptor 
status, and menopausal status. None of the RWD sources 
could perfectly ascertain each of these components, but all 
would likely be able to use proxies to identify the relevant 
study population. Second, a critical data element for the 
intervention, comparator, and outcome is the use of endo-
crine therapy, which is dispensed in outpatient pharmacies 
and is taken by the patient at home. Cancer registries do 
not routinely collect the use and timing of endocrine ther-
apy prescribing or dispensing, thus these data alone (with-
out further linkages) would not likely be sufficient for the 
study question of interest. Third, follow- up for patients 
must be clear so that persistence to endocrine therapy can 
be assessed. RWD from claims and EHR can track in-
dividuals longitudinally over time. Finally, the setting of 
the RWD sources was assessed. The claims data capture 
nationwide information from individuals with commer-
cial insurance, whereas the EHR captures all individuals 
(regardless of insurance status), but only within a single 
health care system.

In step 3 of the conceptual model, Reeder- Hayes and 
colleagues considered the quality of critical data elements 
needed to address the research question of interest. The re-
searchers therefore ruled out the state cancer registry data 
because of limitations and considered the use of the claims 
data or EHR data. The biggest difference between these 2 
sources of information was the provenance of the prescrip-
tion data, in which claims reflected pharmacy dispensing 
data, compared with the EHR, which included only pre-
scribing data. The EHR drug data could result in higher 
misclassification of drug exposure if the prescriptions were 
not actually filled by the patients. Although claims data cap-
ture dispensing information, it is possible for patients to pay 

out of pocket, and these kinds of transactions (although rare) 
might also result in exposure misclassification. In addition, 
even dispensing data do not equate to a true reflection of 
patient adherence, although they are regarded as a widely 
acceptable proxy measure.

Finally, the authors also prioritized the ability to accu-
rately follow patients over time and observe their endocrine 
therapy use. In EHR, data it is possible for patients to receive 
care outside of the specific health care system, and such care 
is unlikely to be captured. The same is not true of claims data 
because encounters across health care systems and pharma-
cies are captured regardless of location. Based on an assess-
ment of the relevance, accessibility, and quality of available 
RWD, Reeder- Hayes and colleagues opted to use the IBM 
MarketScan data. In addition to the points reviewed above, 
this RWD source also allowed for the ascertainment of a suf-
ficient sample size of eligible women for the study population.

General Considerations for Using RWD for 
Research
Several overarching issues must be considered when using 
RWD for research purposes. In addition to using the pro-
posed conceptual model discussed above when using RWD 
to answer research questions, it is essential to consider the 
question in the context of potential strengths and limitations 
of each distinct RWD type and specific sources within each 
type. The question should direct the selection of data sources 
rather than the converse.

Many RWD sources represent convenience samples and 
are not representative of the general population from which 
they are drawn. Even sources with millions of patients do 
not necessarily represent the entire source population or the 
target population of interest for the study. Exceptions in-
clude population- based registries, such as state- based cancer 
registries, which include all patients with cancer in a defined 
geographic area, and Medicare Part A, which represents in-
patient coverage for nearly all individuals aged 65 years and 
older.

It is essential to understand the original purpose for 
which the RWD source was developed. For example, ad-
ministrative claims data are useful for many research studies 
and can comprehensively capture longitudinal care across 
settings (ie, inpatient and outpatient). However, claims are 
designed for billing purposes, so treatment or service must 
be reimbursable, and there are associated limitations and 
provider coding rules for claims reimbursement that af-
fect the specificity and accuracy of treatment or procedure 
capture. For example, for physician outpatient claims, the 
International Classification of Diseases code used must be 
valid, but reimbursement for these visits is based on the 
Common Procedure Terminology code— which may result 
in less accurate reporting of International Classification of 
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Diseases codes and greater reliability on Common Procedure 
Terminology codes as they undergo greater scrutiny.61,62 
Finally, data aggregators may provide a useful combination 
of RWD sources. However, their generalizability may be 
limited by the privacy- preserving linkage method (deter-
ministic vs probabilistic) or the actual union of key sets of 
variables represented in the sample (eg, data subset sample 
and ability to follow patients longitudinally). It is also hard 
to trace the data provenance and assess data quality from 
data aggregators because the source data, by definition, are 
unavailable.

Another important consideration is missing or incom-
plete data and whether it is possible to understand the nec-
essary patterns within the data and quantify the potential 
for bias in any one analysis. For most RWD sources, it is 
not possible to understand data missingness without a link-
age to a gold- standard data set that includes all data for a 
particular set of variables. For example, when using admin-
istrative pharmacy claims data from commercial pharmacy 
organizations, it is difficult to know whether the patient 
did not receive a treatment or whether it was received from 
another provider who was not included in the data from 
the vendor. The use of such data sources to understand the 
uptake of specific therapies may be inappropriate unless the 
source includes information on the broader patient popu-
lation that can be used to define the appropriate distinct 
denominator (for example, a specifically defined population 
who were eligible for the therapy and whether or not the 
patient is an active customer or receives other care from 
the pharmacy). Even population- based pharmacy data 
require careful evaluation. For example, Medicare Part D 
studies can be challenging to design because of policy de-
signs resulting in coverage gaps (ie, the donut hole), in which 
patients must pay out of pocket for medications or drugs 
that are not covered and that may not be fully captured by 
claims.

With the exponential increase in RWD availability 
across various settings, another emerging approach is to 
assess opportunities for data linkage, including their ap-
propriateness and feasibility.63 Linkage might be useful to 
supplement a data source and enable an expanded set of 
research questions for analysis (eg, linkage with patient- 
reported outcomes). However, it requires the same unique 
patient identifier within each source that can be used for 
linking across sources. Often, each RWD source has its own 
unique patient identifier, but it may not permit further link-
ages for data security or governance reasons. The use of PII 
or identifiers for linking raises the issue of patient privacy 
and confidentiality and whether patient consent has been 
given for these particular uses of the data. Many linkages 

across disparate data sources now use privacy- preserving pa-
tient linkages. There are a multitude of vendors (>40) who 
provide this service with many different methods for match-
ing, including deterministic, probabilistic, and combinations 
of both.64Although these types of linkages increase privacy, 
the accuracy and completeness of these methods have not 
been formally assessed. As such, rigorous evaluation and re-
porting of any de novo data linkage65 should be conducted, 
including an assessment of the impact of false- positive and 
false- negative matches on the results, before using privacy- 
preserving patient linkages or any other linkage system.

Conclusion
The development and accessibility of RWD sources for can-
cer research are rapidly increasing. Therefore, it is essential 
to carefully consider the composition and utility of each 
RWD type for specific research questions. With challenges 
in enrollment and representativeness of patients enrolled 
onto cancer clinical trials, the need for RWD to address sev-
eral evidence gaps is growing. Characterization and analysis 
of RWD for cancer and for research in other clinical areas 
are extremely important, especially because <5% of pa-
tients with cancer are enrolled on clinical trials, and these 
are not typically representative of the general population.66 
Recommendations for the use of new therapies may be 
based on clinical trials with limited generalizability, which 
may reflect outcomes under the best- case scenario; trial data 
do not provide information on how well these treatments 
may work in more diverse and complex populations, such 
as among older adults or those living with coexisting health 
conditions.

RWD are a cost- efficient, often timely source of in-
formation that have potential for answering research 
questions spanning the entire cancer care continuum, in 
addition to complementing results from clinical trials. 
Future efforts to integrate multiple RWD sources through 
transparent and robust data linkage will likely enhance the 
utility of RWD in cancer research. In the existing data 
landscape, there is no single RWD source that is likely 
to contain information on the entire patient trajectory. 
Here, using the PICOTS framework and a recent RWD 
case study, we demonstrate that there are several essential 
factors that must be evaluated in the concept, design, and 
analysis of RWD studies.

In summary, the appropriate use of RWD requires rig-
orous training of researchers, thoughtful study planning and 
implementation, and careful consideration of potential bi-
ases and interpretation of results to generate evidence that 
will reduce the cancer burden and improve the delivery of 
high- quality cancer care. ■
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