
Within the oncology community, growing interest exists 
in using data from the real world to address clinical 
and policy- relevant questions that cannot be answered 
with data from clinical trials. In this article, the term 
real- world data (RWD) refers to population- level data 
obtained from cancer registries and not n- of-1 patient- 
based studies1. The FDA has defined RWD as data 
relating to patient health status and/or the delivery of 
health care that are collected from sources that include 
electronic health records (EHRs), billing claims and 
product and disease registries2. The term RWD is being 
used increasingly for research purposes; a search for the 
terms “real- world data”, “real- world evidence” or “reg-
istry” in PubMed would have yielded 2,435 citations in 
2002 but 14,956 citations in 2016. By way of control, a 
similar search for studies on colon cancer would result 
in 3,028 and 6,420 hits, respectively (Fig. 1).

Cancer registries in the first half of the 20th century 
enabled early descriptions of cancer incidence. In the 
1990s, investigators began to expand this work to include 
information about cancer treatment and outcomes, 
spawning early use of RWD in oncology. At that time, 
a parallel process in the USA3 and Ontario4 (Canada) 
led to linkage of treatment records to original cancer 
registry data3,4. Population- based cancer registries com-
prise information from a variety of sources; for example, 
cancer incidence can be derived using hospital and/or 
pathology records. Population- level data sources also 
enable the evaluation of health- care system performance 
and care at the level of an individual patient with cancer. 
The contemporary sources of oncology RWD sources 

typically fall into one of two categories: an opportun-
istic collection of existing administrative data sources 
(such as Surveillance, Epidemiology and End Results 
(SEER)–Medicare in the USA and Ontario Cancer 
Registry- linked treatment files in Canada) or a pur-
posefully designed comprehensive single database (for 
example, the National Cancer Database in the USA). 
Further details regarding the evolution of population- 
based cancer registries have been elegantly described 
elsewhere5. Most published studies with RWD include 
a combination of data from cancer registries, hospital 
treatment records and insurance claims. In the contem-
porary era, substantial interest exists in using emerging 
sources of RWD from multi- institutional EHRs, mobile 
applications and wearable technologies6. These new data 
sources offer the potential benefit of improved granular-
ity (including details on characteristics such as smoking 
status, physical activity and/or biomarkers), although 
their internal validity remains largely unknown. 
Future efforts are needed to better describe the valid-
ity and applicability of these new data sources in the  
peer- reviewed scientific literature.

The three fundamental elements of RWD include 
descriptions of patients, treatments and outcomes 
(Box 1). The relative importance of each variable will 
depend on the research question being asked; for exam-
ple, studies of incidence require substantially fewer 
variables (such as age, sex, date of diagnosis or tumour 
histology) than do studies of treatment outcomes (which 
require, for example, data on the extent of disease, intent 
of treatment or chemotherapy agents and/or dosing). 
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The challenges related to the latter include identifying 
treatment toxicities that do not lead to hospitalization or 
death (such as neuropathy, severe nausea and/or fatigue) 
and ascribing cause of death. In this Review, we discuss 
these challenges and those related to the quality of RWD. 
We also provide a framework for the use of RWD, outlin-
ing contexts in which RWD can be informative (TaBle 1), 
and draw attention to the pitfalls inherent in using RWD 
for studies of comparative effectiveness.

Quality of real- world data
Quality of the primary data. In studies using RWD, the 
quality of the primary data depends on its completeness 
and accuracy7. A critical consideration is the extent to 
which data are missing at random: random missing data 

decrease the precision of observations, whereas non-
random missing data can lead to biased results. Thus, 
investigators working with RWD need to carefully con-
sider data validity (that is, do the data tell us what really 
happened?) and reliability (that is, are data elements 
captured consistently?). Distinct from data quality is 
the comprehensiveness of available data; a limitation of 
most sources of RWD is the lack of information about 
patient prognosis, care and outcomes, including data on 
performance status, disease stage, intent of treatment 
or disease burden, which becomes particularly relevant 
in studies of comparative effectiveness. Some emerging 
sources of RWD have mitigated these limitations by 
incorporating additional patient- related and disease- 
related variables. In a 2018 study, Khozin et al.8 used 
EHRs from clinics within the Flatiron Health network 
to describe the outcomes of patients with non- small-
cell lung cancer (NSCLC) treated with nivolumab and 
pembrolizumab in routine practice. This study included 
important prognostic variables, such as smoking status 
and relevant biomarkers (including programmed cell 
death 1 ligand 1 (PD- L1), EGFR or ALK) not commonly 
available in previous sources of RWD. Investigators 
working with RWD can improve the comprehensive-
ness of existing data sets by adding new sources over 
time. Important examples of this approach include the 
addition of patient- reported symptoms9 or educational 
outcomes of paediatric cancer survivors10. The feasibility 
of linking additional data sources to cancer registry files 
will be guided in part by ethics and privacy regulations 
specific to each jurisdiction.

Data quality can be checked using several mecha-
nisms: validation studies compare electronic data from 
administrative sources against a random sample of 
patient charts11; electronic data sources can be analysed 
to evaluate accuracy12; and data cleaning involves check-
ing for logical inconsistencies (for example, impossible 
dates of birth or the presence of single patients with mul-
tiple records of radical prostatectomy). In our studies of 
the outcomes of patients with bladder cancer receiving 
cystectomy, we identified inconsistencies in the elec-
tronic data that prompted a detailed review of primary 
records13. Specifically, redundant sources of administra-
tive treatment records (for example, physician billing 
records versus hospital procedure records) suggested 
that some patients with bladder cancer classified as hav-
ing a cystectomy might have actually had cystoscopy 
(thus limiting the validity of the potentially duplicated 
data). Moreover, this coding error was more likely to 
occur in hospitals admitting lower numbers of patients 
(thus limiting the reliability of data from those centres). 
To address this differential bias, we obtained primary 
pathology reports for all patients with bladder cancer in 
Ontario and reviewed source documents to accurately 
identify which patients underwent cystectomy and at 
which disease stage.

Factors that influence the quality of primary data 
include how the data are collated (passive collection ver-
sus active collection), the skills, training and oversight of 
those individuals who collect and collate data, whether 
external influences might promote accurate data cap-
ture (for example, when data collection influences  

Key points

•	In the past decade, interest in linking electronic health records (eHRs) of treatment 
and outcome to cancer registry data has increased; these sources of real- world data 
(RWD) can offer unique insights into patients, treatments and outcomes in routine 
oncology practice.

•	The quality of RWD relates to the quality of the primary data (completeness, accuracy 
and comprehensiveness), data linkages and derived variables assessed.

•	emerging sources of RWD from eHRs, mobile applications and wearable technologies, 
can offer improved granularity over traditional sources of RWD, but their internal 
validity and applicability remain largely unknown.

•	For health- care systems, the use of RWD enables measurement of performance and 
can be used to identify targets for future quality improvement interventions.

•	RWD can offer important insights into outcomes achieved with new anticancer 
therapies in routine practice; however, the comparison of outcomes between 
nonrandomized groups of patients who have received different treatments in routine 
practice remains problematic and is not a substitute for randomized controlled trials.

•	Investigators working with RWD need to move beyond simply describing gaps in care 
and towards designing intervention studies to improve patient care and outcomes.
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Fig. 1 | Increased reporting of studies using real- world data. Temporal trends in 
publications identified in the PubMed database for each year between 2002 and 2016 
using the search terms “real- world data”, “real- world evidence” or “registry” (sum of 
results) versus “colon cancer” are shown.
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physician remuneration or hospital funding, data com-
pleteness is favoured) and whether and how often the 
data quality is audited. In a passive cancer registry, data 
flow routinely from participating institutions to a cen-
tral repository with minimal oversight (using, for exam-
ple, routine automated data capture). An active cancer 
registry involves trained staff (such as cancer registrars), 
who actively seek cases and send linked records to the 
central repository.

Quality of data linkages. Most studies of RWD include 
information from different data sets, which there-
fore need to be linked. Ideally, data linkage should be 
performed with a unique identifier. For example, in 
Ontario (a province with a single payer for health care), 
government- issued health- insurance numbers are 
used to link data sets. This form of linkage is generally 
of higher quality than that of probabilistic linkage, in 
which each partial identifier (for example, age, name or 
address) is assigned a score on the basis of how well it 
matches between data sets. This score is summed across 
fields, and a specific threshold is assigned to distinguish 
between matches and non- matches14,15.

Quality of derived variables. A labour- intensive and 
crucial step in working with RWD is deciding how to 
categorize similar but non- identical patients, treatments 
and outcomes. This approach is often referred to as the 
‘lumping and splitting’ of patient groups or exposures. 
These decisions must be made at the outset of the study, 
before conducting the main analysis. Otherwise, chang-
ing these critical definitions as the results emerge in 
order to obtain the expected or desired outcome would 
be tempting. Even without a deliberate attempt to obtain 
a particular result, experimenting with several different 
tentative groupings increases the probability of obtain-
ing a statistically significant result owing to chance alone. 
Furthermore, without considerable rigour, even keeping 
track of the number of different combinations of rules 
that have been used, in order to determine the signifi-
cance of any apparently positive results, might be diffi-
cult. Clinical trialists typically select patient subgroups 
a priori, whereas investigators of RWD studies tend to 
perform such stratification post hoc. Study populations 
must be divided into clinically meaningful groups — this 
step requires input from clinicians. In our studies of blad-
der cancer and lung cancer patterns of care13,16, groups 
were assigned by presumed treatment intent. Using clin-
ical insight and expertise, we defined any chemotherapy 
or radiotherapy within 16 weeks after surgery as adjuvant 
therapy and assumed that any therapy started beyond 
that time point was palliative treatment initiated because 
of new evidence of disease progression. In a parallel 
approach, we also analysed the distribution of values to 
determine whether a logical cut- off point was apparent. 
If we made the cut- off time point too soon after surgery 
(such as 6 weeks), we would risk excluding some patients 
who received adjuvant treatment, whereas a later thresh-
old (for example, 32 weeks) would result in the inclusion 
of some patients treated with chemotherapy for early 
metastatic disease. No approach to this type of problem is 
perfect, and indirect inferences about the intent of treat-
ment should always be approached with caution. A report 
that explored cystectomy in patients with advanced- stage 
bladder cancer probably made false conclusions because 
the use of the derived variable disease stage at the time 
of treatment led to the misclassification of patients with 
an earlier disease stage (treated with curative intent) as 
having cystectomy with palliative intent17,18. Some data 
sets will be of lower quality than others, for example, the 
indirect measures of comorbidity generated through  
the use of hospital diagnostic codes. Investigators in the 
UK have proposed frameworks to evaluate the quality of 
RWD, which address many of these concepts19,20. Another 
interesting initiative is the publication in 2018 in JAMA 
Surgery of a series of articles aiming to elevate the science 
of surgical database research21–24.

Using real- world data about patients
Burden of disease. Cancer registries are reposito-
ries for data that enable the societal burden of cancer 
to be described through population- level estimates of 
incidence and mortality. This information forms the 
cornerstone of any cancer plan to guide initiatives in pre-
vention, screening or treatment; shifts in disease burden 
observed at the population level can enable health- care 

Box 1 | Variables for different domains in cancer-related data sets

Patient
•	Age

•	Sex

•	Date of diagnosis

•	Tumour histology

•	Tumour stage at diagnosis

•	Tumour pathological and molecular details (margin status, extent of nodal harvest, 
lymphovascular invasion, grade and molecular markers (such as hormone receptor or 
mutation status))

•	Socio- economic status

•	Performance status

•	Comorbidity

•	organ function (for example, renal)

•	Height, weight and/or body surface area

•	Second primary cancer

Treatment
•	extent of disease at time of treatment

•	Intent of treatment

•	Surgical procedure

•	Surgical admission and/or discharge date

•	Radiotherapy dose, fractionation, volume and technique

•	Chemotherapy drugs, doses and schedule

•	Treatment start and end dates

•	Consultations with specialists

Outcome
•	Date of death

•	Cause of death

•	Diagnosis and dates of admission and/or discharge from hospital

•	Diagnosis and dates of emergency room visits

•	Patient- reported symptom burden and quality of life

•	Functional status

•	System resource utilization and/or costs
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Table 1 | Illustrative examples of studies using real- world data about patients, treatments and outcomes

Domain Theme Data Key findings Refs

Using RWD about patients

Burden of disease Global cancer 
transitions

Registry- based data of cancer 
incidence in 184 countries (worldwide)

In countries in economic transition, a shift from cancers 
associated with low- and-middle- income settings 
(such as cervical or gastric cancer) towards cancers 
associated with high- income settings (such as breast 
cancer, prostate cancer or CRC) was observed

25

Routine patients Differences 
between trials and 
routine practice

Multi- site registry of 438 patients with 
metastatic renal cell cancer (USA)

• Patients in routine practice are less fit and older than 
those enrolled in clinical trials

• 39% of patients in routine practice would not be 
eligible for relevant trials

30

Symptom burden Symptoms at the 
end of life

Registry- based study of patient- 
reported symptoms among  
10,752 patients who died of cancer 
(Canada)

• Pain, nausea, anxiety and/or depression remained 
stable in the last 6 months of life, but dyspnoea, 
fatigue and well- being worsened

• One- third of patients had moderate- to-severe 
symptoms in the last month of life

31

Disease biology HPV- related oral 
cancers

Registry- based study of temporal 
trends in HPV causality in  
45,769 patients with oral cancer (USA)

• Marked increase in HPV- related oral cancer seen in 
younger men

• HPV- related disease associated with better survival 
outcomes than non- HPV-related disease

27

Using RWD about treatments: access to care
Underutilization Use of curative- 

intent surgery
Registry- based study of treatment 
among 2,445 patients with bladder 
cancer (Netherlands)

• One- third of patients did not have definitive 
treatment with cystectomy or radiotherapy

• Lack of treatment was associated with advanced age 
and comorbidity

34

Overutilization Radiotherapy 
fractionation for 
bone metastases

Registry- based study of palliative 
radiotherapy delivery to bone 
metastases in 80,899 patients (Canada)

Despite evidence and guidelines supporting the use of 
single- fraction radiotherapy for bone metastases, more 
than one- half of patients continued to receive longer 
treatment courses

60

Referral patterns Referral for 
adjuvant 
chemotherapy

Registry- based study of medical 
oncology referral patterns among 
3,354 patients with resected NSCLC 
(Canada)

• Only half of all patients with resected NSCLC were 
referred to medical oncology

• Lack of referral (especially among patients older 
than 70 years of age) is a major barrier to the use of 
adjuvant chemotherapy

39

Impaired access Disparities in 
treatment

Registry- based study of 9,015 women 
with stage I–stage III breast cancer 
(New Zealand)

Female Māori and Pacific Islanders were less likely to 
receive adjuvant systemic therapy and experienced 
higher mortality than others

47

Country analysis Global access to 
opioids

Country level reported per capita 
morphine consumption from 
International Narcotics Control Board 
(worldwide)

• Striking differences in access to and/or use of opioids
• Worldwide, two- thirds of the population has virtually 

no access, and only 8% of the population has adequate 
access

50

Waiting times Waiting times for 
radiotherapy

Registry- based study of 74,444 patients 
treated with radiotherapy (UK)

• Substantial differences in waiting time for 
radiotherapy across geographical districts (median 
wait time range is from 42 to 65 days)

• Wait times increased over time

52

Benchmarking Estimating the 
need for palliative 
radiotherapy

Registry- based study of geographical 
and system- level factors associated 
with the delivery of palliative 
radiotherapy (Canada)

One- third of patients who die from cancer need 
palliative radiotherapy , but a substantial proportion of 
them are never treated

148

Using RWD about treatments: quality of care
Guideline 
concordance

Surgical treatment 
of CRC

Registry- based study of practice 
patterns among 3,095 patients with 
CRC (Australia)

• Median guideline concordance rate was 67%
• Patient age was inversely associated with guideline 

concordance
• Surgeon case volume was positively associated with 

improved measures of perioperative care

72

Integrity of 
treatment delivery

Radiotherapy 
delivery in low- 
resource settings

Hospital- registry description of 
radiotherapy delivery and factors 
associated with treatment completion 
among 1,975 consecutive patients 
(India)

• Only one- half of patients planned for treatment 
actually received surgery , radiotherapy and/or 
chemotherapy

• Among patients who started treatment, only two- 
thirds completed the planned treatment course

74

Treatment 
abandonment

Paediatric cancer 
treatment 
abandonment

Registry- based study of treatment 
refusal or abandonment rate in  
1,789 patients with paediatric cancer 
(Guatemala)

• Rates of treatment abandonment decreased 
over time (27% in 2001 and 7% in 2008) following 
implementation of an integrated health- care plan

• Greater distance to centre and younger age 
were associated with higher rates of treatment 
abandonment

• Treatment abandonment was associated with  
inferior survival

76
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systems to anticipate future demands. Cancer registries 
have also been used to describe epidemiological tran-
sitions in low- or-middle- income countries (LMICs) 
as disease burden shifts from communicable to non- 
communicable diseases; this change is accompanied by 
a parallel shift from cancers with a higher incidence in 
less- affluent populations (such as cervical and head and 
neck carcinomas) towards cancers with increased inci-
dence in affluent populations (such as breast, colorec-
tal or prostate cancer)25. RWD studies offer insights 
into shifting biological causes (for example, in cancers 
caused by viral infection) that cannot be learned from 
clinical trials26,27. Incidence data from cancer registries 
can also inform on the effectiveness of prevention and 
screening programmes (for example, widespread hepati-
tis B vaccination and cervical cancer screening). Finally, 
cancer registry data can enable the identification of 
communities with a disproportionate burden of cancer28.

In the past few years, RWD studies have gained 
attention in the clinical literature; however, for decades, 
epidemiologists have been formulating hypotheses on 
cancer aetiology by carefully studying registry data. 

Epidemiologists have developed widely used meth-
odological approaches to using such data, including 
case–control studies and cohort studies. In these stud-
ies, geographical variation, studies of migrant individ-
uals or time trends are used to make causal inferences. 
Observations using RWD have contributed to a better 
understanding of the roles of smoking, diet and obesity 
in cancer causation. Thus, clinicians who analyse RWD 
should engage with epidemiologists to prevent method-
ological pitfalls related to data quality and biases that 
are inherent to these data sets. An optimal multidis-
ciplinary research team includes clinicians (to ensure 
that the right questions are asked and that the lumping 
and splitting of data has clinical validity) and experts in 
epidemiology and biostatistics methods (to ensure that 
accurate answers are obtained for the clinical questions).

Patients in routine practice. Cancer registry- based 
studies have the potential to provide information about 
case distribution in an entire patient population —  
specifically about the demographics (age, sex and geog-
raphy), comorbidity and symptom burden in patients. 

Domain Theme Data Key findings Refs

Using RWD about outcomes

Rare disease Thymoma Registry- based descriptive study of  
668 patients with thymoma (Sweden)

• Thymoma is associated with autoimmune disease and 
other cancers

• Survival of patients with thymoma is improving over 
time, but patients have inferior survival compared 
with population- matched controls

77

Rare patient 
populations

Cancer during 
pregnancy

Registry- based study of 1,798 patients 
diagnosed with cancer during 
pregnancy (Australia)

• Cancer incidence during pregnancy increased over time
• Most common cancers in pregnant women are 

melanoma and breast cancer
• Pregnant women with cancer had higher than average 

rates of early delivery and caesarean section

78

Rare outcomes Stroke among 
patients with head 
and neck cancer

Insurance database study of  
13,390 patients with head and neck 
cancer (Taiwan)

• Patients with head and neck cancer have a 1.44-fold 
increased risk of stroke compared with that of 
population- matched controls

• The relative risk of stroke is highest in patients younger 
than 40 years of age and is positively associated with 
the receipt of combined chemoradiotherapy

79

Outcome reality 
check

Real- world 
outcomes of 
patients with 
bladder cancer

Registry- based study of 5,259 patients 
with bladder cancer treated with 
curative- intent surgery and/or 
radiotherapy (Canada)

• 5-year overall survival (~30%) in routine practice is 
lower than that observed in single- centre case series 
and clinical trials (~50–66%)

• Quality improvement initiatives are needed

90

Systems of care Complex surgery Implementation of a regional model of 
hepatobiliary surgery care across the 
Veterans Health Administration health- 
care system (USA)

Establishment of a designated surgical programme 
led to increased referral, increased multidisciplinary 
assessment, increased treatment delivery rates and 
reduced levels of postoperative morbidity

92

Comparative 
patient outcomes

Outcomes across 
Europe

Registry- based study of cancer 
outcomes across 3 million patients in 
23 European countries

Marked differences in survival across countries, with the 
highest survival generally noted in northern European 
countries and lowest survival in eastern European 
countries

97

Cancer economics Costs of breast 
cancer care

Registry- based study of 12,580 patients 
with breast cancer (Italy)

• Quantification of costs of breast cancer diagnosis 
(€414), treatment (€8,780) and follow- up assessments 
(€2,351) in routine practice

• Substantial variation in costs was observed between 
hospitals

84

Survivorship Educational 
outcomes of 
survivors of 
paediatric cancer

Registry- based comparison of the 
educational outcomes of 782 paediatric 
cancer survivors with those of the 
general population (Canada)

Identification of domains of poor educational outcomes 
across various paediatric cancers and treatment 
modalities

10

CRC, colorectal cancer ; HPV, human papilloma virus; NSCLC, non- small-cell lung cancer ; RWD, real- world data.

Table 1 (cont.) | Illustrative examples of studies using real- world data about patients, treatments and outcomes
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Notably, the patient populations included in clinical 
trials are usually not representative of those seen in 
routine practice29. Knowing that patients routinely seen 
by doctors tend to be older and to have a poor health 
status compared with patients included in randomized 
controlled trials (RCTs)30 is important for clinicians  
in treatment decision- making and for policymakers in  
interpreting data on utilization rates and outcomes. 
For example, RWD have enabled providers to under-
stand the symptom burden of patients at the end of life 
using tools such as the Edmonton Symptom Assessment 
System (ESAS)31; such real- world data sets contain 
important information for system- level planning of 
palliative care services.

Using real- world data about treatments
Access to care. The extent to which patients access 
cancer services can be determined using RWD. Several  
studies have demonstrated underutilization of radio-
therapy, surgery and chemotherapy for many can-
cers13,32–34. Physician referral data can enable investigators 
to track the management history of a patient by identi-
fying consultations with specialists35,36. For example, the 
low utilization rates of (neo)adjuvant chemotherapy for 
various cancers has been described in many studies37,38. 
Moreover, in the past few years, several reports have 
documented the extent to which this problem is driven 
by upstream decision- making by the surgeon (owing to 
non- referral to a medical oncologist) or at the level of the 
patient–medical oncologist conversation35,39. When two 
potential treatment options are available (for example, 
definitive surgery or radiotherapy for cancer of the pros-
tate or bladder), RWD can enable tracking of whether 
the patient met with both a surgeon and radiation 
oncologist to make an informed choice40.

As already discussed, patient subpopulations with 
impaired access to care and a disproportionate disease 
burden can be identified using RWD. Subsequently, this 
information can be used to design targeted programmes 
to improve care among those patients who need it the 
most. An ecological measure of socio- economic status 
(for example, neighbourhood income) has frequently 
been used to demonstrate that disease burden, treatment 
and outcome are independently associated with socio- 
economic status28,41,42. A study from the early 2000s in 
Ontario demonstrated a gradient in access to palliative 
radiotherapy across socio- economic groups43. Other 
studies have illustrated substantial differences in care 
between rural and urban communities44,45. RWD have 
also facilitated studies that identify differences in the uti-
lization of health- care services and in outcome across 
ethnic groups46,47. Striking differences in treatment rates 
across age groups were evidenced in studies of practice 
patterns48. Finally, the results of regional analyses can 
illustrate inequity in access to anticancer therapy49,50. 
This information can be used to improve access to care 
by locating new clinical services in regions identified as 
having impaired access51.

The timeliness of cancer diagnosis and therapy is 
commonly described using RWD52,53 and, thus, modifi-
able system- level barriers responsible for delays can be 
addressed with interventions54. RWD studies of timeliness 

of care have offered insights into the association between 
delays, stage of disease and inferior outcome55,56. In 
a cohort of 1,795 women with breast cancer across  
5 countries in Africa, McKenzie et al. identified social 
factors associated with advanced stage of disease at the  
time of diagnosis56. This information can be used by 
public health authorities to design targeted educational 
and outreach activities to facilitate timely diagnosis.

The use of RWD can reveal underutilization and 
overutilization of anticancer therapies and diagnostic 
tests relative to practice guidelines. Results of a study 
published in 2015 showed marked overutilization of 
diagnostic and surveillance imaging among women with 
breast cancer57,58; the consequences of overutilization are 
usually further clinical investigations that can lead to 
increased costs and delayed treatment59. Another aspect 
highlighted by studies using RWD is that the delivery 
of radiotherapy in routine practice often includes more 
fractions than are recommended in practice guide-
lines60,61. These studies address topics on the American 
and Canadian Choosing Wisely lists62,63. In these lists, 
specialist organizations identify ten commonly per-
formed interventions that offer low value to patients. The 
goal of this initiative is to reduce unnecessary medical 
tests, treatments and procedures. The use of RWD can 
also facilitate quality improvement to evidence- based 
care64. While the aforementioned examples compare the 
adherence of real- world clinical practice with guidelines, 
the identification of the optimal utilization of imaging or 
treatment modalities is challenging. Guidelines recom-
mend standard treatment options on the basis of data 
from RCTs but do not take into account outcomes in 
patients who are not eligible for treatment and/or choose 
not to undergo a therapy. Evidence- based approaches for 
estimating the need for anticancer treatment have been 
developed65 and are used widely in health- care system 
planning66 but might lead to an overestimation of the per-
centage of patients who receive appropriate (guideline- 
compliant) treatment67. Criteria- based benchmarking 
is an empirical method that uses RWD to estimate the 
appropriate rate of use of a specific therapy in routine 
practice68; this approach is used by health- care system 
managers for planning and monitoring (for example, of 
radiotherapy delivery in Ontario)69.

Quality of care. RWD can offer insights into the qual-
ity of decision- making and how decisions are imple-
mented. Studies that describe patterns of care facilitate 
measurement of performance compared with guideline 
recommendations70–72; investigators can also identify 
factors associated with the underutilization of recom-
mended therapies. RWD can enable the identification 
of variations in practice. Potential drivers of practice 
variability can relate to equity, efficiency and clinical 
uncertainty, and RWD can help to identify questions 
for future RCTs. If practice variation is observed in a 
setting in which a superior treatment option is available, 
RWD can inform initiatives to improve quality. If two 
treatment options are associated with similar survival 
outcomes, RWD can inform policymakers in planning 
initiatives to support the option associated with less 
morbidity or reduced costs.

NATuRe RevIeWS | ClInICal OnCOlOgy

R e v i e w s

  voluMe 16 | MAY 2019 | 317



The availability of detailed treatment records makes it 
possible to describe the integrity of treatment delivery in 
routine practice. Records of chemotherapy or radiation 
administration can describe dose intensity and com-
pletion rates that can be compared with those recom-
mended in RCTs and practice guidelines73,74. Pathology 
records can offer insight into the quality of surgical 
care and provide data to drive quality improvement75. 
Porter et al.75 used a cancer registry and linked treatment 
records to evaluate the extent to which an audit and feed-
back programme led to improved lymph node harvest 
among patients with colorectal cancer. In LMICs, failure 
to complete treatment is a major problem for a substan-
tial proportion of patients; RWD can be used to describe 
the extent of incomplete treatment and offer insights 
into modifiable factors76.

Using real- world data about outcomes
Augmenting knowledge from clinical trials. RWD can 
offer important insights into rare diseases for which 
large RCTs have not been conducted77, rare populations 
of patients (such as those with cancer during preg-
nancy)78 and rare events (such as certain toxicities) that 
are not identified in the usually short- term follow- up 
study of patients included in clinical trials79. One of the 
greatest strengths of RWD is the ability to improve the 
generalizability of conclusions from clinical research and 
to contribute knowledge by enabling the study of larger 
cohorts and/or by allowing longer follow- up durations 
than those typically used in RCTs. This information is 
helpful for clinicians and patients when considering 
treatment options and long- term prognosis among 
patients who are under- represented in clinical trials (the 
most common example being elderly patients)80. Even 
among patients with common diseases, the incidence of 
less common or delayed toxicities (for example, a cardiac 
event after breast radiotherapy) can be better described 
using RWD than data from RCTs81,82.

Real- world outcomes: a reality check. RWD can be 
used to document the outcomes of patients with com-
mon cancers in routine practice, thereby providing a 
fundamental evaluation of quality of care. While cancer 
registries have traditionally contained limited infor-
mation (mostly on survival outcomes), contemporary 
sources of RWD enable investigators to describe other 
outcomes, including patient symptoms9, treatment- 
derived toxicities and/or complications79, organ 
preservation rates83 and costs of care84. Reporting of 
short- term outcomes (for example, 90-day postoper-
ative mortality85, readmission rates or mortality from 
chemotherapy- derived toxicities) can enable institu-
tions to establish a benchmark from which quality can 
be improved86. These metrics also enable health- care 
providers to compare the outcomes of their patients 
with those reported in the published literature and/or 
patients treated by their peers. Longer- term outcomes 
(for example, median survival of patients with advanced- 
stage disease or 5-year survival of those with early stage 
disease) can be compared with results reported in clin-
ical trials and/or case series from centres of excellence. 
A large gap between expected and observed outcomes 

would suggest the need for quality improvement initia-
tives to be implemented87,88. Such differences, however, 
also occur because survival estimated using the results of 
RCTs — which is often presented to patients in routine 
clinical care despite trials including patients with a bet-
ter performance status — might not be applicable89. For 
example, 5-year overall survival among 3,879 patients 
with bladder cancer treated with cystectomy in Ontario 
was found to be 36%, a value substantially inferior to 
the 66% reported for 1,054 patients operated on at a 
leading centre in the USA90,91. In addition to survival, 
other traditional outcomes that can be evaluated with 
RWD include organ preservation and toxicity, whereas 
emerging outcomes include patient- reported outcomes 
and economic costs in routine practice.

System- level perspectives. RWD can inform system- 
level analyses of quality of care in the context of poor 
outcomes, which are distinct from studies of the com-
parative effectiveness of two different treatment strat-
egies. Using RWD to identify variability in outcomes 
and to understand the causes thereof is fundamentally 
different from using RWD to explore differences in 
the outcomes of two different treatments. For exam-
ple, the identification of high postoperative mortality 
and readmission rates following complex surgery has 
led to system- level changes resulting in improved out-
comes92,93. After initiating a dedicated regional hepato-
biliary surgical programme within the Veterans Affairs 
system, Lau et al.92 identified a substantial increase in 
regional case volumes together with improved processes 
of care (for example, increased use of surgical resection 
and chemotherapy) and outcomes (such as reduced 
postoperative complications). RWD have also been 
used to describe the association between the number 
of patients treated by a surgeon and/or hospital volume 
and the outcomes of complex surgical procedures85,94 and 
have been used in many jurisdictions (such as Ontario 
and the Netherlands) to regionalize complex surgery and 
thereby improve quality of care95,96.

Comparisons of outcome can also be made across 
borders to provide a benchmark for achievable out-
comes. The EUROCARE-4 study identified marked 
differences in cancer outcomes across 23 countries 
in Europe and showed a relationship between health- 
care expenditures and outcomes97. This pivotal study 
prompted major efforts to change cancer care systems 
and focused investments in several countries98. RWD 
can also be used to set a benchmark for emerging health- 
care systems in LMICs, who can compare their outcomes 
with those observed in high- income countries to meas-
ure the gap between current and potentially achievable 
outcomes99–101.

The use of RWD can enable estimates of the costs of 
therapy and disease management at the societal level84,102 
and can inform societal decisions about how to opti-
mally allocate resources for the screening, prevention 
and treatment of cancer103–105. The improvement of out-
comes at the population level requires the identification 
of potentially modifiable factors associated with sub-
optimal access and/or quality of care. We propose a gen-
eral framework to design any programme in health- care 
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services research aimed at improving a specific aspect 
related to performance106 (Fig. 2).

Comparative effectiveness
Randomized trials and real- world data. RCTs and 
studies of RWD are very different forms of research that 
have different goals; while the outcomes of RCTs define 
what is achievable for patients with cancer, the out-
comes observed analysing RWD define what is currently 
achieved. Thus, the interface of RCTs and RWD can help 
systems move towards achieving the achievable106. With 
RWD, many issues of cancer control that cannot be 
addressed with an RCT can be explored — RWD studies 
should not be viewed as alternatives to RCTs. This prin-
ciple needs to be carefully considered in light of the inter-
est observed in the past few years towards using RWD for 
the purposes of regulatory approval107. When RWD are  
used to compare the effectiveness of two anticancer 
therapies, the studies should be regarded as hypothesis- 
generating only; if the study is poorly designed, its results 
could potentially be harmful to patients18,108–110.

The strength of RCTs rests with the internal valid-
ity of the data, but their weakness lies in their limited 

generalizability, because trial populations are often not 
representative of the general population at large. Owing 
in part to strict eligibility criteria, <5% of adult patients 
with cancer in the USA participate in a clinical trial111. 
However, no reason exists for clinical trials not to be 
more representative of the general population. The pae-
diatric oncology community has a long history of under-
taking trials in which ~60% of all children with cancer 
are treated on protocol112. Clinical trials for adults with 
cancer should adopt broader entry criteria, as proposed 
by Peto and colleagues113; several large, simple trials 
conducted in the UK (such as ICON4/AGO- OVAR-2.2 
and STAMPEDE) allowed the inclusion of all patients 
considered fit enough to receive the treatment, with con-
sequent wider application114,115. Therefore, RWD should 
not be expected to fix the generalizability problem of 
RCTs, but, instead, RCTs need to be made more appli-
cable to patients in the real world. Finally, that RCTs  
(a scientific methodology) and studies of RWD (a data 
source) are not mutually exclusive is worth highlighting. 
While RWD are most often used to study practice and 
outcomes after (or in the absence of) an RCT, increasing 
interest is being focused on implementing RCTs in real- 
world settings and using data from EHRs and adminis-
trative records to evaluate the toxicity and outcomes of 
the compared treatments116,117.

Real- world data studies of comparative effectiveness. 
The comparison of outcomes of nonrandomized groups 
of patients who have received different treatments in the 
real world is problematic, primarily because the groups 
of patients might differ with respect to prognostic fac-
tors. This aspect is as prevalent in current studies using 
RWD as it was 50 years ago when investigators used 
institutional data to evaluate treatment effectiveness. 
Population- based studies might have greater external 
validity than that of institution- based studies, but they 
have a similar internal validity, and, therefore, both are 
classified as providing level 3 evidence according to 
Sackett’s hierarchy of evidence118,119.

Investigators have three general approaches to miti-
gate selection bias in observational studies using RWD. 
In the first approach, the investigator can undertake 
multivariate analyses to adjust for potential confound-
ers; the downside to this approach is that one can adjust 
only for variables that are known and can be measured.

In the second approach, the investigator can apply 
a propensity score, which is the estimated probability 
that a patient will receive a treatment given the values 
of all covariates that can affect the choice of treatment. 
Patients can be stratified into subgroups defined by the 
propensity score, and the outcomes of these subgroups 
are compared. The method can decrease confound-
ing because known prognostic characteristics should 
be randomly distributed within each stratum between 
patients who did and did not receive the intervention. 
Despite the increasing use of propensity score analyses, 
the extent to which this approach provides a less biased 
output than that of traditional Cox models is mod-
est120. Both approaches are limited because the factors 
associated strongly with both treatment selection and 
outcome include stage of disease (data on which are 

Choose and 
define indicators 
of performance

Design 
interventions 
to enhance 
performance

Identify factors 
that affect 
performance

Set standards 
of performance

Implement 
interventions

Describe 
performance

Evaluate 
performance

Fig. 2 | Conceptual framework depicting a general 
scheme for research on health- care system 
performance. The first step is to select, define and validate 
appropriate indicators of the aspect of performance that 
has been targeted for investigation. The next two steps are 
to develop methods to measure system performance in 
terms of the chosen indicators and to prescribe standards 
or targets for system performance in terms of the chosen 
indicators. Once such standards have been set, and 
methods for measuring performance have been established 
and validated, the performance of the health- care system 
against the standards can be evaluated. This process, in 
turn, enables conducting further explanatory studies aimed 
at identifying factors that are associated with better or 
worse performance. The information obtained can be used 
to design interventions aimed at improving performance. 
Figure adapted with permission from reF.106, Elsevier.
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either missing or unreliable in many cancer registries), 
performance status (data on which are almost univer-
sally missing) and comorbidities. Efforts to control for 
the latter rely on measures such as the Charlson and/or 
Elixhauser comorbidity scales, which have been adapted 
for use with administrative data sets; however, these 
instruments have limited predictive ability121.

The third approach to reducing selection bias is 
instrumental variable analysis (IVA), in which patients 
are grouped by a marker for different practice policies 
(usually, a temporal period or geographical region)122. 
This quasi- experimental design assumes that the under-
lying population and other treatments are comparable 
across time periods or geographical regions, and, there-
fore, any difference in outcome between two periods or 
regions can be attributed to the differences in therapy. 
IVA avoids the risk of selection bias and is therefore 
superior to multivariate or propensity score methodol-
ogies122. Our group has exploited temporal and/or geo-
graphical differences in practice to evaluate the uptake 
of adjuvant chemotherapy for lung cancer16, cisplatin 
concurrent with radiotherapy for cervical cancer123 and 
definitive management of head and neck cancer124. We 
described time- related adoption of adjuvant chemother-
apy for NSCLC (2001–2006) and of chemoradiotherapy 
for cervical cancer (1992–2001). During the years of 
study, the case distribution and other elements of care 
did not change. We used a before- and-after design to 
show that the survival of treated patients (at the popula-
tion level) improved with adoption of the novel therapy, 
with a magnitude of benefit that was comparable to that 
observed in RCTs. In the study of head and neck cancer, 
we also exploited geographical differences in treatment 
between the USA (radical surgery) and Ontario (radi-
otherapy)124. In both regions, the survival across each 
region was remarkably similar, with a higher rate of lar-
ynx preservation in Ontario. This type of study relies 
on the assumption that case distribution, other elements 
of care and disease biology are comparable across time 
periods and/or regions. Our study of the adoption of 
chemoradiotherapy for head and neck cancer provides 
an example in which this assumption failed. Following 
the adoption of concurrent treatment with cispla-
tin, the observed improvement in survival in patients 
with oropharyngeal cancer was largely attributable to 
a simultaneous increase in the incidence of the more 
radiosensitive, human papilloma virus (HPV)-related 
disease subtype, rather than to the change in therapy125.

The validity of observational studies of compara-
tive effectiveness relates to the pretest probability that 
an observed association is valid. In this regard, we 
propose a hierarchy of scenarios for analyses of com-
parative effectiveness. At the top of this hierarchy are 
those studies seeking to measure whether the efficacy 
observed in a pivotal RCT translates into effectiveness in 
routine practice16,123. While these studies remain prone 
to bias, if a treatment effect emerges in routine practice, 
the confidence in this effect being real is high because 
level 1 RCT evidence demonstrates that the treatment 
works. Following publication of pivotal RCTs of adju-
vant chemotherapy in patients with NSCLC, our group 
described the uptake and outcomes associated with 

such treatments, which we found to be associated with a 
survival benefit in the general population126.

The second scenario is that in which data other 
than level 1 evidence support efficacy. In this case, the 
aim is typically to seek insight into an intervention for 
which a growing body of literature suggests efficacy.  
For example, our work related to adjuvant chemother-
apy for bladder cancer added to knowledge from a 
series of small RCTs that suggested survival benefit with  
cisplatin- based therapy13.

In the third scenario, a clinical trial has failed to 
show efficacy, and no evidence suggests benefit from 
treatment. If an observational study suggests benefit 
in this setting, the pretest probability of a type 1 error 
is so high that the conclusion should be regarded with 
scepticism. This phenomenon has been demonstrated by 
several studies using the US National Cancer Database 
(NCDB). RCTs have clearly demonstrated, for example, 
that the survival benefit of adjuvant chemotherapy in 
patients with stage II colon cancer is very modest and 
that radiotherapy improves local disease control but 
not overall survival in patients with rectal cancer127,128.  
In contrast with the results of RCTs, two studies using 
the NCDB and published in 2016 and 2017 found 
implausibly large survival benefits in patients with low- 
risk stage II colon cancer receiving adjuvant chemo-
therapy compared with those in patients who did not 
receive adjuvant chemotherapy and similarly large 
benefits in patients with locally advanced rectal cancer 
completing neoadjuvant radiotherapy compared with 
those in patients who did not complete treatment129,130.  
The observed benefits are more likely to be caused by 
residual confounding, immortal time bias and measure-
ment errors than by these treatments being more effec-
tive in routine practice than in RCTs. In another study 
using the NCDB, a very large improvement in overall 
survival was observed among patients with metastatic 
bladder cancer who underwent radical cystectomy; 
despite a lack of RCT data to refute these findings, the 
study results are vulnerable to many forms of bias (such 
as selection bias, misclassification bias and immortal 
time bias) and are likely misleading and potentially dan-
gerous because they support an aggressive therapeutic 
strategy17,18. These studies are striking examples of how 
RWD can misinform policy and practice in studies of 
comparative effectiveness.

Quality of treatment- effectiveness studies. Grading 
the quality of clinical evidence on the basis of study design 
only is a simplistic approach; the validity of observational 
studies varies widely, depending on the details of their 
implementation and analysis131. Epidemiologists, who 
can rarely perform RCTs to test hypotheses about disease 
causation, rely heavily on observational data and have 
developed methods for evaluating the quality of such data. 
In a systematic review, Sanderson et al.132 identified 86 dif-
ferent tools for assessing the quality of observational stud-
ies. The content of the tools was evaluated for domains 
subject to bias using the Strengthening the Reporting of 
Observational Studies in Epidemiology (STROBE) guide-
lines133. The authors were unable to identify any single 
tool that was optimal but concluded that three funda-
mental domains must be evaluated: appropriate selection 
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of participants, appropriate measurement of exposure 
and outcome variables and appropriate control of con-
founding. Other design- specific sources of bias should be 
evaluated. Many of the tools identified by Sanderson and 
collaborators123 provide numerical summary scores; the 
authors concluded that these are inappropriate because 
the process of generating summary scores involves 
weighting of the component elements, which is a variable 
and inconsistent process. Thus, these investigators recom-
mended evaluating observational studies using a simple 
checklist that “concentrates on the few, principal, potential 
sources of bias in a study’s findings”123.

The approach proposed by Sanderson et al. is also 
useful in evaluating the quality of population- based 
studies that compare outcomes between cohorts of 
patients who have received different treatments. We pro-
vide a checklist of questions that should be addressed 
before reaching a conclusion about the validity of a pop-
ulation- based outcome study in oncology (Box 2). This 

framework is based partly on the Newcastle–Ottawa 
Scale for evaluating the quality of nonrandomized stud-
ies134,135 but has been adapted for the qualitative evalua-
tion of cancer- registry-based outcome studies and does 
not yield a summary score. In creating this checklist, 
we adhere to the broad recommendations of Sanderson 
et al., who proposed that tools should “1) include a 
small number of key domains; 2) be as specific as pos-
sible (with consideration of study design and topic); 3) 
be a simple checklist rather than a scale; and 4) show 
evidence of careful development, and of validity and 
reliability”. The first three aspects are further discussed 
herein, and future work is necessary for the last item.

To avoid design- specific sources of bias in population- 
based studies, the analytical strategy used must, as far as 
possible, follow the logic of a clinical trial. Investigators 
of population- based outcome studies usually simultane-
ously receive all the data that they will use to identify the 
study population, assign patients to treatment categories 

Box 2 | Checklist for the evaluation and interpretation of population- based studies of treatment effectiveness

Selection of the study population
•	Was the study population clearly and unambiguously defined?

•	Was the study population representative of the overall population  
of interest?

•	Was the study population homogeneous enough to enable general 
conclusions about the effects of treatment to be made?

•	How complete were the fields, and how accurate were the variables 
used to identify the study population? Was this information estimated 
or audited?

•	Was it possible for ineligible patients to be included in the study population 
or for eligible patients to be excluded? How frequently did inclusion 
and/or exclusion occur? Was this information estimated or audited?

Identification of treatment subgroups (for example, according  
to exposure)
•	Were the treatment subgroups clearly and unambiguously defined?

•	How complete were the fields, and how accurate were the variables 
used to identify the treatment groups? Was this information estimated 
or audited?

•	Is there any risk of misclassification of treatment? What is the risk of 
misclassification? Was this information estimated or audited?

Measurement of outcomes
•	Were the outcome measures clearly and unambiguously defined?

•	Were the outcome measures appropriate for evaluating the treatment 
of interest?

•	How complete were the fields, and how accurate were the variables 
used to measure outcomes? Was this information estimated or audited?

•	How complete was the follow- up information? Was the follow- up 
duration long enough?

•	Was follow- up monitoring completed equally among the  
treatment groups?

Temporal relationship between creation of the study population, 
assignment to treatment groups and evaluation of outcomes
•	Was the study population defined entirely on the basis of information 

that was available before treatment was initiated?

•	If not, could the treatment itself have modified eligibility for inclusion in 
the study population? Did each treatment that is to be compared have a 
similar effect on eligibility for inclusion in the study population, or was 
there a differential effecta?

•	Did evaluation of the outcome of interest begin only after the treatment 
groups had been defined?

Comparability of the treatment groups
•	Were the major prognostic factors known to be associated with the 

outcome of interest measured and reported?

•	Were those measures sufficiently sensitive and specific (for example, 
comorbidities)?

•	How complete were the fields, and how accurate were the variables 
used to measure prognostic factors? Was this information estimated  
or audited?

•	Were the treatment groups balanced with respect to major  
prognostic factors?

Comparison of the outcomes between treatment groups
•	Were any differences in the characteristics of the treatment groups 

controlled for in the analysis?

•	Were continuous variables (for example, age) compressed into 
inappropriately broad categories?

•	What general methodological approach was used to evaluate the 
treatment effect (for example, traditional adjusted analyses, propensity 
score analysis or instrumental variable analysis)?

Interpretationb

•	Has the treatment comparison been previously addressed in a 
randomized controlled trial (RCT)? If yes, were superior outcomes 
observed in the treatment arm over the control arm?

•	How does the observed magnitude of the treatment effect compare 
with the effect observed in RCTs?

•	Does the observed treatment effect satisfy Hill’s criteria for causation128? 
Are the results biologically plausible? Are the results consistent with the 
existing knowledge? Is the treatment effect specific to the primary 
outcome of interest?

aIf the answer to this question is yes, the treatment assignment might have a differential effect on the composition of the treatment groups. If the information 
available after treatment changes the eligibility of some patients, these patients will be allocated to the wrong treatment groups. bIf pre- existing data from RCTs 
have shown that the treatment lacks efficacy, any effect observed in routine practice should be viewed sceptically. Likewise, if RCT evidence supports delivery of 
the treatment, a larger magnitude of effect observed in routine practice than that observed in RCTs should be interpreted with awareness regarding residual 
confounding and/or bias.
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and evaluate outcomes. The analysis must proceed in a 
logical temporal order: treatment should not affect the 
eligibility of patients for inclusion in a study, and out-
comes should not influence their assignment to a par-
ticular treatment group. The study population must 
therefore be defined and locked before treatment groups 
are assigned, and treatment groups must be defined and 
locked before assessment of the outcome. This method 
sounds easy to implement, but treatment assignment can 
affect eligibility for inclusion in a study if, as is often the 
case, cancer stage is an eligibility criterion. This prob-
lem is largely a consequence of registries recording only 
collaborative- stage results, which incorporate both sur-
gical and clinical findings of patients who undergo can-
cer surgery but only clinical information of those who do 
not undergo surgery. This approach results in a system-
atic up- staging of patients who have surgery and inval-
idates comparison of the outcomes between treatments 
that include surgery and those that do not. Stage details 
can also be modified in some registries by incorporating 
the results of investigations conducted after treatment 
initiation (such as a postoperative staging bone scan). 
The risk of patient outcomes affecting the treatment 
group to which the patients are assigned is easier to deal 
with, if recognized in advance. Consider a study in which 
the main outcome is survival and patients are assigned 
to two treatment groups according to whether they have 
undergone a given intervention within 3 months of diag-
nosis or not. Those who die within 3 months of diagnosis 
are assigned automatically to the no intervention group; 
if survival is measured from the date of diagnosis, the 
values recorded from these patients will lower the aver-
age survival of that group. This bias is defined as immor-
tal time bias136 because patients in the intervention group 
are at no risk of death until they undergo treatment, 
while other patients are at risk of death from the time 
of diagnosis. In RCTs, similar situations are dealt with 
by analysing outcomes in the intention- to-treat popula-
tion, but this approach is not an option in observational 
studies because treatment intentions are unknown and 
treatment groups can be defined only by the treatment 
actually received. In the above example, however, this 
problem can be avoided simply by starting measurement 
of outcomes after 3 months and ignoring earlier deaths.

In evaluating claims that a given treatment is effec-
tive on the basis of observational data, clinicians should 
emulate the epidemiologists’ approach to evaluating 
claims that a given exposure causes a particular dis-
ease. In studies using RWD, Bradford Hill’s framework 
for establishing causation can guide the evaluation of 
treatment effects137. These criteria for causation can be 
applied to the totality of available evidence and include 
considerations of the strength of the association and 
its consistency across studies (strong and consistent 
associations are less likely to occur by chance or owing 
to confounding)138; the presence of a dose–response 
relationship; the specificity of exposure or treatment 
being associated with the expected outcome and not 
with other outcomes; and the plausibility of the effect 
and its coherence with related scientific knowledge of 
the treatment and disease settings. A lack of knowledge 
and understanding of mechanisms can limit plausibility 

and coherence and are not necessary for attributing 
causation but, if present, can increase confidence in the 
result131,138. We include questions based on Hill’s criteria 
to assist readers in evaluating the results of a population- 
based outcome study and in determining the likelihood 
that one treatment is more effective than another on the 
basis of the totality of the available evidence (Box 2). The 
authors of three commentaries published in the past 2 
years have highlighted the methodological pitfalls inher-
ent to specific studies using RWD that reported very 
large effect sizes almost certainly caused by confounding 
and bias18,109,111.

Regulatory aspects
RWD are increasingly used to support regulatory drug 
approval and funding decisions. For regulatory approval 
purposes, in many countries, RWD are viewed as a sup-
plement to data from clinical trials139,140, and, thus, drug 
approval decisions are not taken solely on the basis of 
RWD. As part of the 21st Century Cures Act, the FDA 
will be required to develop a framework and guidance 
for the use of RWD in the drug approval process141,142. 
Indeed, the FDA has formed a partnership with 
CancerLinQ, an initiative of ASCO, to coordinate the 
sharing of patient data and incorporate that information 
into the FDA regulatory process143.

The increasing focus on value- based health care 
has stimulated interest in RWD as a tool to assist with 
reimbursement decisions. The authorities that conduct 
health technology assessments (HTAs) to evaluate new 
therapeutic agents are demanding RWD; these authori-
ties are seeking evidence that clinical interventions pro-
vide meaningful benefits (improved survival, quality of 
life and cost) to patients144. RWD can be used after reg-
ulatory approval in discussions of drug reimbursement, 
including conditional reimbursement schemes, and for 
pharmaco- economic analyses139.

At the time of initial HTAs, uncertainties often exist 
as to whether the efficacy demonstrated in phase III 
clinical trials will translate into effectiveness when the 
drug is used in routine practice. A common use of 
RWD after regulatory approval is to define conditional 
reimbursement schemes or managed- entry agreements. 
These agreements include risk sharing (between payers 
and industry), payment for outcomes, performance- 
based reimbursement schemes and various forms of 
coverage dependent on the capture of RWD for evidence 
development145.

In the UK, the National Institute for Health and Care 
Excellence (NICE) initially rejected the reimbursement 
of bortezomib for the treatment of multiple myeloma but 
eventually made a deal with the manufacturer to reim-
burse the National Health Service for the cost of the drug 
for those patients who have only a limited response or 
no response to therapy. Other European countries have 
adopted similar risk- sharing and managed- entry agree-
ments for oncology drugs146. In Japan, the approval of 
all therapeutic agents is temporary and subject to review 
4–10 years after initial approval147. On the basis of this 
review, the initial approval for the drug can be cancelled, 
the criteria for using the drug can be modified or, oth-
erwise, no action is taken. A critical issue that needs 
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to be carefully considered in the future is which group  
will be responsible for funding and conducting RWD 
studies for the purposes of regulators and payers (that 
is, will it be the sponsoring pharmaceutical company or 
an arm’s- length HTA organization?).

Conclusions
The cornerstone of cancer control planning is the avail-
ability of population- based cancer registries. Existing 
registries require ongoing support and quality assur-
ance, whereas emerging health- care systems should 
invest in a cancer registry. The linkage of claims- based 
data sources to cancer registries enables the identi-
fication of gaps in care and offers the potential for 
short- term improvement in public health by helping 
health- care systems to achieve the achievable. Emerging 
sources of RWD can offer improved granularity over 
traditional claims- based data sets, but in many cases 
their internal validity remains unknown. Ultimately, 
population research needs to move beyond simply 
describing gaps in care towards population- level inter-
vention studies to change practice and improve out-
comes. To date, this has been the greatest shortfall in the 
use of RWD; efforts in this regard are needed to derive 

the maximum societal benefit from these data sources. 
Studies using RWD should not be used as substitutes for 
RCTs: RCTs remain the gold standard for establishing 
the efficacy of new treatments for patients with cancer, 
although many clinical and policy questions are best 
addressed using RWD. However, it behoves the research 
community (including journal editors and peer review-
ers) to apply a high level of insight into the quality of 
the data and methodology used in such studies. This 
rigour is critical in studies of comparative effectiveness 
because clinicians are less likely to be as familiar with  
the potential pitfalls of RWD studies as they are 
with those of RCTs. The widespread availability of 
large electronic databases presents an opportunity for 
the research community to gain important insights  
into the burden of cancer, management of the disease 
and patient outcomes in routine practice. By asking 
the right questions with the right data and the right 
methods, RWD has the potential to close gaps in our 
knowledge of cancer and to identify gaps between 
evidence and practice that will ultimately lead to 
improved patient care and outcomes.
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