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Background

Despite the rapid development of gene engineering and 
other novel therapies, advanced cancer is still a largely 
intractable disease, and its high mortality necessitates 
the development of better treatment (1). In general, the 
regulatory approval of new cancer treatment is built on 
the objective criteria of efficacy and safety derived from 
randomized controlled trials (RCTs). However, with 
advances in genetic and molecular treatment, the number 
of patients available for a specific clinical trial may be too 
small for proper assessment of a benefit-risk paradigm (2). 
As a result, drug developers and regulators have become 

increasingly interested in data external from clinical 
trials, and there is growing need to rethink the traditional 
approaches to treatment development and approval (3). 
One potential solution to this may be to further extend and 
validate the results from RCTs with the wider experience of 
real-world data (RWD) or real-world evidence (RWE).

Compared to the rigorous admission criteria and strict 
research conditions of RCTs, RWD is collected from the 
real world to provide evidence for clinical and policy-
relevant questions that cannot be addressed with data from 
RCTs, such as patient health status, cancer incidence and 
mortality, quality of and access to care delivered in routine 
practice, rare cancers, and rare adverse events and toxicities 
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in the general population (4). RWD has drawn more 
attention from government departments, medical health 
practitioners, and other stakeholders, which have shown an 
increasingly important role in the benefit-risk assessment 
of cancer treatment in regulatory decisions and medical 
management. A search for the terms “real-world evidence” 
and “real-world data” in PubMed has seen an approximate 
1,000% increase in citations between 2002 and 2019 (from 
2,435 citations to 24,239 citations). 

There are at least three key incentives to applying RWD 
in the development of treatment in cancer research (5). 
First, it is critical to have a good standard of comparison 
when translating a trial breakthrough into meaningful 
therapeutic regimens. RWD may inform the researchers 
in choosing the appropriate comparison in general medical 
practice. With a rapid influx of multiple treatments options, 
RWD can deliver information related to providing the 
best clinical benefit for a well-defined patient population. 
Second, with the increasing number of single-arm studies 
in the field of oncology, a large treatment effect can be 
expected but not feasibly confirmed by RCTs. In this 
scenario, RWD can act as a historical control for single-
arm studies and provide a natural course of disease data (3).  
Third, the main focus of many oncology RCTs is survival 
benefit with the endpoints of overall survival (OS) or 
progression-free survival (PFS), which do not provide 
accurate long-term safety or quality of life data; RWD can 
be tailored to satisfy this informational shortfall (6). 

China is  confronted with many challenges and 
misunderstandings in the development of RWD, which 
include the lack of guidelines, a system of real-world 
study (RWS) design, and good accessibility and linkage of 
multi-source RWD, and other deficiencies. These issues 
have greatly affected the generation of accurate RWD, 
the development of high-quality RWSs, and the rational 
interpretation and use of RWE. The purpose of this paper 
is then to highlight the considerable value and potential 
drawbacks of RWE through on the basis of analysis of 
RWD in cancer research.

Types of RWSs in cancer research

Although RWD originates  from general  medical 
practice, this does not mean that RWS is the equivalent 
to observational study. In fact, RWS, as a new research 
concept, still constitutes goal-driven research, in which 
design and data collection remain based in conventional 
epidemiological methods. 

Retrospective database study

The data for retrospective database research is mainly 
obtained from electronic medical records (EMRs), 
electronic health records (EHRs), the claims-based system, 
the death registry system, the health monitoring system, 
and other similar sources. These sources of information 
can not only be used to evaluate survival benefit but can 
also provide insight into long-term safety, rare adverse 
events, adjuvant therapy and care, quality of life, and socio-
economic status (7).

The difficulty of retrospective database research lies 
in the database (8). It is critical to select the appropriate 
database, and extract and manage data so as to construct the 
research database. Thus, some key steps are essential for the 
quality control of the database, including the accessibility 
of the original database, the accuracy and integrality of the 
research population identity, the algorithm of data linkage, 
the rules for text structuring transformation, and other 
factors (9).

In this  respect ,  a  number  of  European Union 
(EU) member states have demonstrated the benefit 
of coordinating and utilizing EHRs. There exists an 
appreciable harmonization in the research community 
concerning the processing and quality control of each EHR 
across EU member states. For example, to facilitate the 
identification and assessment of the most eligible patients 
and the most relevant institutions for study sponsors, the 
EHR4CR program established a service system that reuses 
data from EHRs for clinical research and provides secure 
access to multiple EHR systems through the platform (10). 

Registry study

When the available data are not useful to the purpose of 
the research, an observational study should be conducted 
to actively collect data. The authoritative definition of a 
registry study is located in “Registries for Evaluating Patient 
Outcomes: A User’s Guide” published by the Agency 
for Healthcare Research and Quality (AHRQ) in 2007. 
The updated 2014 version details the design, procedure, 
and evaluation in a registry study (11). In fact, the 
implementation of a registry study is quite similar to that 
of an RCT in terms of protocol formulation, the design of 
the case report form, data collection, and data management. 
Unlike the randomization in an RCT, a registry study is a 
prospective observational study. In some situations, a registry 
study can be combined with the retrospective database to 
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save costs and integrate a monitor system. Thus, the critical 
aspect of a quality registry study is the standardization and 
consistency of the data source. To integrate the different 
sources of data, one must consider the rules for combining 
the existing database with newly collected data, the external 
data linkage, and the updated rules for follow-up data. 

The patient-based cancer registry is appreciated most 
particularly for its safety monitoring and evaluation, and the 
new indication development, especially for rare diseases. 
The well-known examples are the PARENT Joint Action 
and the European Network of Cancer Registries (ENCR) 
for EU-level initiatives. Other more recent examples include 
Flatiron’s non-small-cell lung cancer cohort registries from 
198 U.S. clinics (www.flatiron.com) and UNICANCER 
(www.unicancer.fr) based on 14,000 French breast cancer 
patients (www.unicancer.fr) (5). Population-based cancer 
registry studies mainly focus on the incidence and prognosis 
of cancers, cancer control activities, and cost-effectiveness 
analyses. In 1966, there were 32 cancer registries reporting 
on cancer incidence; in the 21st century, the number of 
cancer registries has expanded to 449, covering 21% of the 
world population as of 2006 (12). 

Pragmatic clinical trials (PCTs)

Compared to the early efficacy detection of RCTs, PCTs 
evaluate the effectiveness of an intervention in a real-
world circumstance to inform clinical decision making (13). 
This approach also ensures that the sorts of interventions 
tested can be plausibly rolled out in clinical practice and 
that the outcomes used to assess effectiveness are valid and 
easily understood by a range of users, including clinicians, 
patients, policy makers, and health commissioners (14). 
Furthermore, when novel cancer drugs meet specific criteria 
(i.e., conditional approval), PCTs may provide sufficient 
evidence for verification of clinical benefit and lead to full 
approval (15).

Generally, PCTs are designed as open-label, non-
placebo-controlled or single-arm trials. The control group 
is often given conventional/standard treatment. A PCT 
is inclined to enroll all participants with the condition of 
interest who would be eligible to receive the intervention 
as part of usual care. Thus, patients are usually not blinded, 
and their compliance is intentionally neither maintained 
nor measured (16). However, the highly flexible design and 
implementation may result in more complex intercurrent 
events, such as a switch treatment, initiation of remedial 
treatment, unexpected terminal events, etc. which may result 

in more challenges for the statistical design and analysis.

Values of RWS in cancer research

The widespread application of RWS offers enormous 
cornerstones and valuable insights into cancer research, 
especially on the population-level intervention studies, 
which have the potential to close gaps between the existed 
evidence and routine practice.

Population

Patients enrolled in clinical trials are usually not 
representative of those in routine practice, as they tend 
to be younger and have better health status than those 
in a real-world setting (17,18). RWD has the potential 
to provide insight into the complete distribution of the 
patient population, especially in the fields of demographics, 
comorbidity, and symptoms. For example, the Edmonton 
Symptom Assessment System (ESAS) is a registry 
assessment system that collects the symptom burden of 
cancer patients at the end of life. This form of RWD can 
provide important information for understanding symptoms 
of terminal stage cancer and inform the system-level 
planning of palliative care services (19).

RWD can establish data repositories to provide an 
overview of the social burden of population-based incidence 
and mortality. It not only forms the cornerstone of any 
initiative for guidance in cancer prevention and treatment 
but can also observe the disease burden on a population-
level, enabling the health-care system to respond to future 
demands. In addition, population-based data can also be 
used to detect epidemiological transitions as disease burden 
shifts. One example observed is a parallel shift from cancers 
in a higher incidence in less-affluent populations (e.g., as 
cervical cancer and liver cancer) to cancers with increased 
incidence in affluent populations (e.g., breast, colorectal, or 
prostate cancer) (20). With the appropriate methodology 
and epidemiology, RWS can offer insight into shifting 
biological causes (e.g., cancers caused by viral infections), 
which elude the framing in RCTs. Meanwhile, incidence 
data can also shed light on the effectiveness of screening 
and prevention programs (e.g., the widespread hepatitis B 
vaccination and HPV vaccination ) (21).

Intervention 

In general, the standard intervention option guidelines for 
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recommendations are based on RCT-derived evidence, 
and thus do not take into account the conditions of 
patients who do not meet the rigorous admission criteria 
or who choose not to receive the treatment. RWD from 
health-care systems might reveal the adherence of real-
world clinical practice with guidelines, along with the 
degree of underutilization and overutilization of cancer 
diagnosis and treatment. Evidence-based approaches 
can help the identification of the optimal utilization of 
treatment modalities in routine practice, while physician 
referral data can allows investigators to track patient 
management histories by identifying consultations with 
specialists (22). According to the past few years’ reports, 
low utilization might be driven by upstream decision-
making (not professional oncologists; e.g., surgeons) or 
the level of doctor-patient communication. Meanwhile, 
the overutilization of diagnosis and anticancer therapies 
based on clinical investigations usually further increase 
costs and delay treatment. Examples from the American 
and Canadian Choosing Wisely campaigns have listed ten 
commonly performed interventions that provide low-value 
options to patients so as to reduce unnecessary medical 
procedures and treatments (23,24). When several potential 
treatment options are feasible, RWD enables investigators 
to track the more commonly selected options from routine 
practice to make more informed policy choices (25). It can 
also identify the patient subgroups with impaired access to 
care or disproportionate disease burden, so that targeted 
programs or more economical measures can be designed. 

RWD can also provide insights into the implementation 
and quality of decision-making and identify variations 
in practice. If practice variation is observed in a setting 
in which a better treatment option is feasible, RWD can 
inform initiatives to improve quality. If two treatment 
options are associated with similar survival outcomes, RWD 
can help policy makers decide which regimen is associated 
with lower morbidity and costs. In addition, the detailed 
EMR makes it possible to monitor the integrity of medical 
care delivery in routine practice, and, in this way, RWD can 
show the extent of incomplete treatment and modifiable 
factors.

Outcomes 

Traditional treatment efficacy assessment in RCTs almost 
exclusively focuses on survival benefit, such as OS and PFS. 
However, emerging sources of RWD can document more 
comprehensive prognostic information in routine practice, 

including improvement of patients’ symptoms, quality of 
life, treatment-derived toxicities and/or complications, 
organ preservation rates, economic status, etc. Compared 
to the narrower perspective of survival outcomes, these 
data not only amply complement RCTs, but also act as 
a knowledge base for medical institutions to improve 
the quality of care in routine practice. With some short-
term outcomes, such as 90-day postoperative mortality, 
readmission rate, or chemotherapy-derived toxicities, the 
metrics from RWD also enable investigators to compare 
their observations with those reported in the same/
history period (26). With long-term outcomes, such as 
medical survival and 5-year survival, records from RWD 
provide a fundamental evaluation for a population of 
representative patients to verify the results from RCTs. 
A large gap between the trial and realistic outcomes may 
indicate the necessity for care improvement initiatives to be 
implemented (27). 

Further to this, RWD offers clinicians insights into 
rare diseases and rare populations that can not be tested 
in RCTs of larger cohorts with longer follow-up durations 
(such as with elderly populations). The case of palbociclib 
approval by the FDA for the treatment of rare male 
breast cancer attests to the value of RWD in new drug 
development (28). Even for common diseases, RWD 
can offer more authentic evidence of the more rare or 
delayed toxicities [such as the cardiac event after breast 
radiotherapy (RT)] than RCTs can (29). 

Generation of RWD

The variables selected in RWD depend on the study aims 
being explored. Booth et al. (17) summarized the fundamental 
variables often collected from RWD. For example, studies 
focusing on patients require variables of age, sex, occupation, 
diagnosis, disease history, and comorbidity; studies focusing 
on treatment need variables of extent of disease, intent 
of treatment, chemotherapy/RT dose, procedures, and 
treatment start and end date; and studies focusing on 
treatment outcomes always collect variables of adverse events, 
readmission rate, and survival benefit.

Original data

The completeness and accuracy of the original data are 
determinants for the quality of cancer research. The validity 
and reliability of the data should be considered carefully 
before the study is conducted. The first critical issue to 
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resolve is the data integrality. Random missing data reduce 
the data precision, whereas non-random missing data can 
lead to bias. Data feasibility is another significant factor and 
is especially relevant to the comprehensiveness of RWD. 
A prominent limitation for RWD sources is the lack of 
variables concerning patient prognosis, care, outcomes, life 
status, and disease burden, which becomes important for a 
comprehensive assessment of the effectiveness of treatment.

To capture RWD, a scheme for the RWD needs to 
be constructed. For example, a database study needs to 
follows a certain set of steps. First, the appropriate database 
according to the research purpose should be selected, 
and the accessibility and quality of the database should be 
evaluated; then, the original database structure, variable 
meaning, and source should be verified; after that, the 
data extraction method can be designed according to the 
database’s advantages and limitations. Factors that can 
influence the original data quality include data collection 
methods, the skills and training of data managers, and some 
external factors (such as physician remuneration or hospital 
funding). After that, the primary data should be further 
checked. First, the accuracy of data extraction should be 
assessed. It can be checked and compared from a random 
sample of electronic data from regional administrative 
sources; then, the data check proceeds to an assessment of 
missing data, logical inconsistencies (such as impossible date 
of birth), and outliers or abnormal values (such as multiple 
organ excision); at last, data cleaning should be conducted 
to correct the wrong data.

To adjust to a lack of information in a single database, 
RWS can incorporate  mult iple  l inked databases . 
Theoretically, data linkage should be implemented with a 
unique identifier, such as ID number or health insurance 
number. Otherwise, a probabilistic link can be used, but 
the linkage quality may be reduced accordingly. Zhu et al. 
used simulation studies to obtain a matching score for each 
partial identifier (such as age, name, and address) according 
to the matching degree between databases, which was 
summed across fields with a specific threshold to distinguish 
matches (30).

Derived data

A complex and crucial task in RWD is to distinguish the 
similar but non-identical variables. This procedure often 
involves the “lumping and splitting” for all the exposure 
related to population, intervention, and outcomes (18).
The study population must be typically defined into 

clinically meaningful groups, which should be defined by 
the clinicians, whereas investigators need to complete the 
accurate identification and generation of variables under 
the existing situations. The definition of derived variables 
should be decided before conducting the analysis, as the 
changing of any of the critical definitions for the desired 
results may be tempting. Even without a deliberate attempt 
to obtain particular outcomes, attempts made with several 
different tentative groupings after obtaining the data 
may accidentally increase the probability of a statistically 
significant result.

Booth et al. have elaborated upon this topic using 
the treatment patterns of bladder cancer (31) and lung 
cancer (32). In these studies, groups were assigned by 
presumed treatment intent with the identification of 
adjuvant treatment time periods. Based on comprehensive 
consideration, the researcher defined any chemotherapy 
or RT within 16 weeks after surgery as adjuvant therapy. 
Otherwise, any treatment beyond this time point was 
defined as palliative therapy due to disease progression. 
From clinical insight and experience, if this threshold was 
set prematurely after surgery (such as 8 weeks), there was 
a risk of excluding some patients who received adjuvant 
therapy, whereas a later cut-off point (such as 32 weeks) 
might have included some patients receiving chemotherapy 
for early cancer metastasis. However, there is no standard, 
perfect approach for these types of problems, and indirect 
inferences about the intent of treatment should be prudently 
considered. 

Implementation of RWS

Although RWS has the advantage of good extrapolation, 
it will still inevitably conceal any potential bias. The 
more variations the search environment and data sources 
present, the more complex the data processing and analysis 
techniques required.

Protocol 

In clinical trials, researchers select patient subgroups in 
advance, whereas investigators of RWS tend to perform 
such stratification post hoc since RWD always exists before 
the study is implemented, in some situations. But it is 
critical to properly formulate and follow RWS protocol. 
The formulation of study design should be collaboratively 
implemented by researchers, clinicians, and statistical 
analysts, the key points of which are summarized in Table 1.
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Bias 

Although the RWD sample is generated from routine 
practice, it does not mean the respondents in RWS are 
truly representative of real-world patients. In RWS, bias 
is inevitable due to a lack of internal validity or incorrect 
assessment of the association between exposures and 
effects in the target population (33). Sanderson et al. have 
delineated three fundamental domains to evaluate bias (34): 
appropriate selection of participants, accurate measurement 
of exposure, and outcome and appropriate controls of 

confounding. There are many measurement tools for 
bias evaluation, such as Strengthening the Reporting of 
Observational Studies in Epidemiology (STROBE) (35). 
However, some of the assessment tools used weighted 
scores for various component elements, which are still 
inappropriate and inconsistent. Therefore, investigators 
suggest that the bias evaluation should always concentrate 
on a few, principal sources (33). Table 2 lists the common 
biases in RWS, some of which are imperceptible but 
nonetheless significant for effect evaluation. 

Immortal time bias (36), is also known as survivor 
treatment selection bias (37), guarantee time bias, or 
time-dependent bias. Immortal time is a time span in the 
observation or follow-up duration for a cohort during which 
the outcome under study could not have occurred (38) 
(otherwise, the follow-up should be terminated due to an 
outcome appearing before the intervention began). When 
a patient is not truly immortal during this span of time, the 
patient has to remain event-free until the exposure (treatment) 
begins. If this unexposed period is defined incorrectly (when, 
at the time of cohort definition, exposure starting and follow-
up starting are not matched), immortal time bias usually 
occurs. In pharmacoepidemiology, this bias often appears 
in the treatment evaluation and safety monitoring for the 
database study. When a patient begins a given treatment 
before the cohort identification or after the doctor's actual 
order time, different approaches to form the cohort may lead 
to variations in resulting immortal time bias. 

Table 1 The primary elements of RWS protocol

Items Contents 

Research purposes

Background Background and research issues

Aims Assumptions and aims

Research design

Type Aims and data sources determine the 
type of research (such as database 
study, registry study, PCT, etc.)

Control Standard routine treatment

Admission criteria Variable definition rules

Exposure/
intervention

Variable selection rules or detection 
methods

Follow-up time The follow-up scheme, time-window, 
censor, etc.

Sample size Generally, there is no strict rule on 
sample size determination, and all 
samples meeting the admission criteria 
are included as much as possible

Bias control Bias is controlled in the design stage 
and measure in analysis

Statistical analysis

Data check Check and cleaning rules

Derived variables Definition and transformation of 
derived variables

Screening Selection of subjects

Missing data Definition of missing data and the 
remedy scheme

Sensitivity analysis Sensitivity analysis plan 

Subgroup analysis Subgroup analysis plan 

Analytical method Statistical analysis plan 

PWS, real-world study; PCT, pragmatic clinical trial.

Table 2 Common biases in RWS

Type Name

Selection bias Neyman bias/prevalence-incidence bias

Berkson’s bias/admission rate bias

Length bias

Competing risks

Immortal time bias/survivor treatment 
selection bias

Healthcare access bias

Information bias Misclassification bias

Inducement bias

Recall bias

Lead time bias

Protopathic bias

RWS, real-world study.
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Carl et al. (39) reported that this type of bias was present 
in 7.6% of 682 articles from 9 reputable medical journals, 
67.3% of which might have had mistaken conclusions 
as a consequence .If, for example, a study focusing on 
survival benefit assigns two groups according to whether 
the subjects receive a given treatment within 2 months 
after diagnosis. With this definition, patients dying within 
2 months of diagnosis are grouped in the non-treatment 
group, which will reduce the average survival of this group 
if the survival time is measured from the diagnosis date. In 
RCTs, the intention-to treat analysis can be used to deal 
with this situation, whereas this method is not appropriate 
for database study since the treatment intention cannot 
be determined before it is actually received by patient. In 
view of this situation, Booth et al. recommend starting 
measurement of outcomes after 2 months to ignore the 
earlier deaths (17). Another method to prevent immortal 
time bias in RWS is to define the subjects as patients 
undergoing the given treatment for the first time. However, 
studies applying EMRs from a single situation may lack 
information related to the integrate exposure period due to 
data feasibility, which creates a methodology challenge for 
the left censoring data. 

Misclassification bias occurs when the target subjects 
are classified as non-target subjects and vice versa, or if 
sensitivity/specificity for the exposure/outcome identification 
is not explicit (40). In routine practice, it is very uncommon 
to have a perfect tool to control misclassification. Since so 
many factors may affect it, like random error in data capture, 
missing data, and end-digit preference, it is unavoidable 
to a certain degree. Meanwhile, the codes for disease 
identification, drug application, and other computational 
procedures may also produce it. The most common 
misclassifications in RWS are drug exposure misclassification 
and outcome misclassification. 

For cancer research, drug exposure misclassification 
often appears due to the incorrect identification of exposure 
dose and period. A counter example may be observed from 
a bladder cancer study which explored the survival benefit 
of cystectomy in patients with advanced bladder cancer. 
Though, it might have failed to show effectiveness correctly, 
the authors adopted propensity score (PS) methodologies 
to control confounding (41). Because the derived variable 
of disease stage leads to the misclassification of patients 
with an earlier disease stage (treated with curative intent) as 
having cystectomy with palliative intent (42-44).

Outcome misclassification is usually generated from 
the definition of survival time. For the studies with an OS 

endpoint, the degree of misclassification is expected to be 
small. Due to the fact that the cause of death registration 
cannot be updated in real time, there is always a potential 
lag time. It is worth noting that the death registry system 
does not fully update on time and tends to lag. In this 
situation, the risk of misclassification may increase for the 
“softer” endpoint, such as PFS (5). To control this type of 
bias, restricted and combined definition of survival time can 
be helpful, and can include identification mode, combined 
discrimination, and sensitivity analysis (45,46).

Analysis

Treatment selection in routine practice is associated 
with a patient’s baseline characteristics; in turn, inherent 
imbalance between different treatment groups can lead 
to very different outcomes. Even if proper design for the 
control of biases has been performed, residual confounding 
may still occur since some of them may not be found or 
measured. Statistical methods, such as multivariate analysis, 
stratification, or matching, are helpful in mitigating this 
potential confounding, but entail a downside where in one 
can adjust only for the known variables. 

Another possible solution to adjust confounding is PS. 
The idea of PS is to replace the confounding variables 
with a function which is then used to adjust the imbalance 
in patient characteristics between groups. This can be 
interpreted as a method of “post-randomization” for anon-
randomized study. The main advantage of PS is that many 
covariates can be included simultaneously without the risk 
of overfitting the model. However, it can only be adjusted 
for observed confounding variables, and not for unmeasured 
variables (47).

A strategy to overcome the undiscovered or unmeasured 
confounding is instrumental variable analysis (IVA), in 
which subjects are grouped by a marker for different 
practice policies. However, it may be hard to find valid 
instruments in practice and challenging to apply (48).

Consideration of RWE

Although RWD offers essential experiences and insights 
into treatment effectiveness in a real-world population 
of patients, it is critical that RWD is carefully designed 
and considers the context of existing evidence. For the 
methodological limitations of RWS, we highlight some 
specific considerations to illustrate the benefits and pitfalls 
of RWE (4).
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Validation of RCTs

RCT is the gold standard for efficacy evaluation. The use of 
RWE can validate/augment this efficacy into effectiveness 
in routine practice. For example, the results of several 
RCTs of adjuvant chemotherapy (ACT) for non-small-cell 
lung cancer have indicated improved outcomes, and RWE 
from the real-world population showed an improvement 
in OS in the era of ACT, which mitigates some common 
forms of bias via instrumental variables (32). On the other 
hand, RWS may also find non-effectiveness in spite of 
the efficacy demonstrated in RCTs. In the case of Sanoff’s 
investigation, sorafenib for hepatocellular carcinoma in 
older and sicker patients showed unexpected outcomes in 
routine practice (49). The negative effectiveness of RWE 
is also important as those conformed efficacy for a novel 
treatment in the real world.

Lack of efficacy in RCTs

When previous RCTs have shown a lack of efficacy, the 
effectiveness demonstrated in RWE may be problematic. 
Using Bayesian logic for analysis, it is reasonable to find 
effectiveness in RWE where preexisting RCT evidence 
has established efficacy. However, it is difficult to infer the 
benefit of cancer treatment to patients in routine practice 
without the efficacy being demonstrated under the ideal 
situations of an RCT. In this case, we consider the prior 
risk of a negative result to be so high that the RWE for 
effectiveness in this circumstance is considered more 
likely to be an artifact. One relevant example is a series of 
comparative analyses from Karim and Booth (4) on the 
effectiveness of adjuvant therapy for stage II colorectal 
cancer. Previous RCTs (50,51) and a meta-analysis (52) had 
proven ACT did not offer a significant OS benefit in stage 
II colon cancer, especially the IMPACT B2 meta-analysis 
comprising 1,016 patients (53). However, a retrospective 
database study of 153,110 patients reported that the ACT 
resulted in an 18% absolute improvement in 5-year OS 
(hazard ratio =0.71, P<0.001), in which all subgroups 
showed a degree of benefit. With a rigorous review, Karim 
and Booth (4) claimed the investigator did not consider 
the effect of comorbidity on the primary analysis. Despite 
multivariate regression analysis and the PS methods used, 
this research was vulnerable to immortal time bias. Because 
ACT was defined as starting ACT within 30 days after 
surgery, those starting ACT after 30 days were assigned to 
the non-ACT group. Thus, early deaths between 30 days 

postsurgery and the start of ACT in routine practice would 
distort the survival comparisons between groups. 

In another example, RCTs confirmed that neoadjuvant 
RT for localized rectal cancer improved local control 
rates and reduced colostomy (54,55), but did not improve 
survival benefit in total mesorectal excision (TME) (56). 
Although an earlier meta-analysis reported conflicting 
results, studies included in the meta-analysis predated 
adoption of TME (57). In addition, RCT conducted 
by The Dutch Colorectal Cancer Group verified that 
neoadjuvant RT was associated with decreased local 
recurrence but not with OS (58). However, a retrospective 
study reported that complete contrast preoperative RT 
led to a 10% improvement in 5-year OS compared to 
incomplete RT but with no benefit in local control (59). In 
fact, this research is still problematic, since the large OS 
benefit is more likely due to “residual confounding from 
patient characteristics that allowed complete delivery of 
RT rather than the RT itself” (4). 

Conclusions

The development of EHRs has greatly enhanced the 
feasibility of collecting RWD, and thus has the potential 
to fill the gap between clinical trial evidence and real-
world populations. The widespread availability of RWD 
offers valuable insights into cancer treatment, disease 
management, disease burdens, and socio-economic status 
in routine practice that will improve patient care and health 
policy making.

There do exist inherent limitations in data quality 
and study design, while the internal validity remains an 
unknown in many RWSs. The research community should 
thus carefully consider the validity and reliability of such 
studies. Since clinicians are less likely to be familiar with the 
potential pitfalls of RWD as they are with those of RCTs, it 
is advisable to perform RWS with a multidisciplinary team 
involving clinicians, epidemiologists, and biostatisticians. 
RWD is suited for the validation of existing evidence 
of a given treatment (to ensure efficacy translates into 
effectiveness), whereas it is not appropriate to adopt new 
therapies on the basis of RWD in isolation, particularly 
if there is no evidence of treatment benefit from RCTs. 
In this situation, claims of effectiveness may probably be 
misleading and artificial, and thus researchers should be 
critical of the plausibility of such outcomes (4).

Although emerging sources of RWD provide important 
cornerstones for many clinical and health policy strategies 
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in cancer control, RCTs should remain the gold standard for 
validating the efficacies of new treatments, particularly new 
drugs (4,5,17). Even with advanced methodologies available 
for bias control, many challenges still need to be overcome 
before RWD can become integrated into clinical decision-
making. Meanwhile, there is no standard strategy for the 
transformation of RWD into RWE. Nevertheless, RWD 
will offer increasingly relevant information and experience 
for benefit–risk evaluation in the field of oncology.
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