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Abstract
Advanced practice providers in oncology are now likely to encounter 
real-world data (RWD) studies in addition to data from randomized 
controlled trials (RCTs) in their practice. Real-world evidence derived 
from RWD can provide important information about a therapeutic 
agent’s effectiveness outside of the confines of RCTs. It is important to 
understand how these studies are conducted and how data from these 
two types of studies can be interpreted and integrated for practical 
clinical use and shared decision-making. The goal of this manuscript is 
to provide an overview of the fundamental aspects of RWD studies and 
what is required to conduct a robust RWD study. Recently published 
studies are cited to demonstrate how RWD studies complement RCTs. 

The increased availability  
of real-world evidence 
(RWE) for many treat-
ment options makes it 

important for advanced practice pro-
viders (APPs) to understand how re-
al-world data (RWD) studies fit into 
the evidence landscape to optimize 
clinical care for their patients. Here, 
we aim to provide a primer for APPs 
on the interpretation and practical 
application of RWE for clinical use 

and shared decision-making by sum-
marizing the key elements of RWD 
studies, including what comprises a 
strong, high-quality RWD study. We 
demonstrate how RWD studies com-
plement randomized controlled tri-
als (RCTs) using recently published 
studies for palbociclib.

DEFINING RWD AND RWE
Real-world data refers to informa-
tion relating to patient health status 
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and/or the delivery of health care that is routinely 
collected outside of the confines of a clinical trial 
(FDA, 2018). Sources of RWD include electronic 
health records (EHRs), claims and billing data-
bases, product and disease registries, patient-gen-
erated data, and mobile/wearable devices (FDA, 
2018). Real-world evidence is derived from the 
analysis of RWD and consists of “clinical evidence 
about the usage and potential benefits or risks of a 
medical product” (FDA, 2018). 

WHAT IS THE PURPOSE OF RWE?
Historically, health-care decisions have been driv-
en by evidence derived from RCTs. Randomized 
controlled trials examine cause and effect rela-
tionships between treatments and outcomes and, 
therefore, are considered the gold standard for 
the evaluation of a treatment’s efficacy and safety 
(Blonde et al., 2018; Hariton & Locascio, 2018; Kur-
tin & Taher, 2020); however, this type of research 
has challenges and limitations (Table 1). For ex-
ample, patient populations in RCTs may not accu-
rately reflect the diversity of patients seen in rou-
tine clinical practice because of strict inclusion and 
exclusion criteria, which are necessary to reduce 
the number of variables that could affect treat-
ment outcomes. Randomized controlled trials may 
exclude patients with certain comorbidities or re-
strict the age groups that are included (Singh et al., 
2017; Talarico et al., 2004; Tang et al., 2023). Fur-
thermore, patients in some race/ethnicity groups 
are underenrolled in clinical trials, limiting their 
representation, which may impact the generaliz-
ability of RCTs (Singh & Jemal, 2017; Turner et al., 
2022). Additionally, RCTs are typically cost and 
resource intensive, costing an estimated median 
of $1.1 billion for a single drug program (Wouters 
et al., 2020). Owing to cost and resource limita-
tions, RCTs may not have a large enough sample 
size (Cummings, 2018; Rohrig et al., 2010) or not 
be long enough in duration to generate significant 
data on rare side effects or long-term efficacy (Bro-
glio & Berry, 2009; Monti et al., 2018). 

There are also some limitations on the types of 
research questions that can be answered by RCTs. 
The health-care landscape is constantly evolving 
in response to new evidence and technologies. 
This can influence how a drug is used in the real-
world setting compared with how it was originally 

evaluated in RCTs (Subbiah, 2023). For instance, 
daratumumab is routinely administered over 
two separate infusions in clinical practice, even 
though that is not how it was originally evaluated 
in RCTs (Rifkin et al., 2019). Additionally, there 
can be ethical concerns about the use of a placebo 
or continued use of a comparator drug if there is 
sufficient evidence to support the use of one inter-
vention over another. In other instances, such as 
in rare diseases, standard-of-care options may be 
lacking altogether, and no comparator is possible 
(Monti et al., 2018; Thorlund et al., 2020). 

Both RCTs and RWD studies can be used to as-
sess the effects of a treatment. To draw a distinc-
tion between the two types of analyses, the term 
“efficacy” is used to describe the treatment effects 
observed in RCTs, whereas “effectiveness” is used 
to describe these same findings in real-world set-
tings (Singal et al., 2014). Owing to the nature of 
RWD sources, RWD studies have a different set 
of strengths and limitations compared with RCTs 
(Table 1). Real-world data can provide evidence of 
treatment effects in patients with broader clinical 
and demographic characteristics (e.g., comorbidi-
ties, advanced age, ethnicity, or socioeconomic di-
versity), who may not have been eligible for, or had 
access to clinical trials—despite being more closely 
representative of the patient population seen in re-
al-world clinical practice (Blonde et al., 2018; Sin-
gal et al., 2014). Real-world data sources can also 
provide a cost-effective means to assess outcomes 
in more challenging situations (Dang, 2023). Real-
world data can be used to investigate clinical out-
comes among those with rare diseases (occurring 
in ≤ 1 in 2,000 people worldwide; Rare Diseases 
International, 2023) and longer-term clinical out-
comes (e.g., 5- or 10-year survival); RCTs are not 
usually adequately powered to evaluate rare dis-
eases or long-term outcomes as these may take too 
long to manifest and it is therefore not a feasible 
methodology (Broglio & Berry, 2009; Mahendr-
aratnam et al., 2019; Monti et al., 2018; Xia et al., 
2019). Additionally, RWD can be used in place of 
a comparator arm by providing historical control 
data for single-arm trials, thus alleviating certain 
ethical concerns of RCTs (e.g., having a placebo 
arm or one that receives no intervention [observa-
tion arm]; Jahanshahi et al., 2021; Mahendrarat-
nam et al., 2019; Thorlund et al., 2020; FDA, 2018). 
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REAL-WORLD EVIDENCE TO 
SUPPORT REGULATORY DECISIONS
The US Food and Drug Administration (FDA) rec-
ognizes the potential of RWD to improve the effi-
ciency of drug approvals and has issued guidance 
for evaluating RWD and RWE to help support 
the approval of new and already approved drugs, 
as well as for use in post-marketing surveillance 
(FDA, 2018). Between 2000 and 2019, the FDA ac-
cepted RWE that served as external controls in 
support of decision-making in 45 non-oncology 
product approvals (Jahanshahi et al., 2021). It also 
accepted RWE to support decision-making when 
approving 13 indications for oncology treatments 
between 2015 and 2020 (Arondekar et al., 2022). 
The median approval time for oncology treat-
ments in expedited programs that included RWE 
in the application was 5.5 years, which was 1 year 
less than those that did not include RWE, suggest-
ing that inclusion of RWE accelerated drug ap-
proval processes (Arondekar et al., 2022). 

Post-marketing pharmacovigilance is impor-
tant for already approved products to determine 
whether there are rare adverse reactions or reac-
tions that occur only after long-term exposure that 
should be included in the drug’s label (Forstag, 
2019; FDA, 2018). Historically, these were based 
on case reports and journal publications (Lavertu 
et al., 2021; FDA, 2018). More recently, RWD has 

been used in various pharmacovigilance studies, 
reviewed in Lavertu and colleagues (2021). For ex-
ample, RWE was used to confirm the safety of dos-
ing schedules used in clinical practice that differed 
from the recommended administration of daratu-
mumab for the treatment of patients with multiple 
myeloma. Daratumumab was indicated for one 
single (long) intravenous administration; however, 
due to the length of the infusion, it was often done 
over two separate infusions in clinical practice. A 
RWD study determined that this split dose was as 
safe as a single infusion (Rifkin et al., 2019). 

In the field of rare diseases, RWE has been an 
important support tool for regulatory and clinical 
decision-making (Jahanshahi et al., 2021). Ow-
ing to the inherently small patient sample sizes 
associated with rare or ultra-rare diseases, stan-
dard RCTs are often not feasible (Jahanshahi et 
al., 2021). Real-world evidence played a major role 
in the approval of the prescription gene therapy, 
onasemnogene abeparvovec-xioi (Zolgensma), for 
children under 2 years old with spinal muscular 
atrophy via the characterization of the natural his-
tory of the disease that allowed the researchers to 
associate the improvement in patient outcomes 
with the therapy (FDA, 2019). 

Real-world data have also been particularly 
useful for regulatory submissions where certain 
groups of patients may have been excluded from 

Table 1. Key Strengths and Limitations of Randomized Controlled Trials and Real-World Data Studies

Randomized controlled trials Real-world data studies

Strengths  • Designed to show cause–effect relationship 
between an intervention and outcome 

 • Data are collected prospectively with 
research intent; therefore, are of high quality 
and completeness 

 • Random assignment of patients to 
treatment arms increases internal validity 

 • Strict inclusion and exclusion criteria can 
reduce variability

 • Can include a large and diverse sample size;  
therefore, are generalizable to more patients

 • Data can be collected over long periods of time  
and stored; therefore, can detect rare and  
long-term events

 • Can answer research questions about the long-term 
use and prescribing patterns of a treatment

Limitations  • Limited generalizability
 • Cost and resource intensive
 • May be unable to answer all questions about 

real-world uses of a drug in clinical practice
 • May be unable to answer research questions 

related to rare disease or rare outcomes
 • May not be long enough to assess long-term 

events (e.g., overall survival)

 • Do not demonstrate causality
 • May have missing or erroneous data entry in  

source data
 • Unobserved variables cannot be controlled
 • Potential for bias (e.g., selection, information,  

time-related, and prevalent user biases) 
 • Variation in assessments of clinical outcome  

(e.g., physicians may not use blinded, centralized, or 
standardized assessments) 

Note. Information from Blonde et al. (2018); Hariton & Locascio (2018); Kurtin & Taher (2020); O’Leary & Cavender 
(2020); Tang et al. (2023).



4Online First | Published July 2024 JADPRO.com

TRANSLATING RESEARCH INTO PRACTICE DONAHUE, RYAN, and PODSADA

clinical trials. For example, men have been histori-
cally excluded from breast cancer RCTs as men 
account for less than 1% of newly diagnosed breast 
cancer cases (American Cancer Society, 2023). In 
2015, palbociclib (Ibrance), a cyclin-dependent ki-
nase 4 and 6 (CDK4/6) inhibitor, received acceler-
ated FDA approval to be used in combination with 
letrozole to treat postmenopausal women with 
hormone receptor-positive/human epidermal 
growth factor receptor 2–negative (HR+/HER2−) 
advanced or metastatic breast cancer (mBC) as 
initial endocrine-based therapy, followed by full 
FDA approval in 2017. In 2016, palbociclib re-
ceived a second approval for the combination 
with fulvestrant to treat HR+/HER2– advanced 
or mBC in women with disease progression fol-
lowing endocrine therapy (FDA, 2017). In 2019, 
palbociclib was then approved for use in men 
with HR+/HER2− mBC based on the results of 
the PALOMA-2 and PALOMA-3 trials, clinical tri-
als of men treated with palbociclib for non-breast 
solid tumors, RWD derived from EHRs, insur-
ance claims, the palbociclib global safety database, 
post-marketing reports from the FDA Adverse 
Event Reporting System, and published literature 
on male patients treated with palbociclib (Wedam 
et al., 2020). 

WHY SHOULD APPs  
UNDERSTAND RWE? 
The use of RWE in health-care decisions has 
grown in recent years (Arondekar et al., 2022; Ja-
hanshahi et al., 2021). This has been further bol-
stered by the enactment of the 21st Century Cures 
Act in 2016 that called for the modernization of 
clinical trial design and the generation and storage 
of large quantities of patient health-related data 
(Khozin et al., 2017; Schad & Thronicke, 2022; 
US Congress, 2016). Advanced practice providers 
may encounter RWD and RWE in their everyday 
practice and should understand how to interpret 
and apply this information to their practice. These 
data may be of particular interest to APPs because 
they have the potential to provide insight into pa-
tient populations that more closely match the de-
mographically and clinically diverse population 
seen in clinics. Additionally, the documentation 
that APPs complete as part of EHRs may be later 
used in RWD studies, thus providing complete 

and accurate records that can aid in future health-
care decisions based on RWE. 

METHODOLOGY AND  
DATA SOURCES FOR RWD STUDIES
The study design and data source chosen to gen-
erate RWE depends on the research question  
of interest.

RWD Study Design
Data collected and used for RWD studies typi-
cally fall into one of two categories: prospective or 
retrospective (FDA, 2018). Both prospective and 
retrospective RWD studies should have protocols 
that outline the methodology to collect and ana-
lyze the relevant data needed to answer specific 
research questions. Prospective data collection is 
preplanned. The study population is defined at 
the start of the study, and treatment and outcome 
data are collected from that point forward (i.e., 
prospectively; FDA, 2018). Contrastingly, retro-
spective studies utilize data generated prior to the 
initiation of the study (FDA, 2018). Such data may 
have been originally generated for other purposes 
(i.e., clinical care that is not necessarily related to 
the study in question) and without research intent 
(FDA, 2018). Therefore, some key information 
may not be available (Berger et al., 2017; Khosla et 
al., 2018; Kim et al., 2018).

Some RWD study designs include pragmatic 
clinical trials, cohort, cross-sectional, and case-
control studies (Dang, 2023; Taur, 2022). Addi-
tionally, RWD studies can be defined by the data 
source (e.g., registry, EHR, or claims database 
analysis; Dang, 2023; Taur, 2022). 

Pragmatic clinical trials resemble routine 
clinical practice and are often conducted within 
health-care practices where data are collected at 
the point of care and integrated into the health-
care system (Khozin et al., 2017; FDA, 2018). Prag-
matic clinical trials may not always dictate specif-
ic treatment details and may involve refinement of 
the intervention throughout the trial (Ford & Nor-
rie, 2016). Suboptimal treatment adherence may 
occur as pragmatic clinical trials may not rely on 
study visits to collect outcome data (Ford & Nor-
rie, 2016). While pragmatic clinical trials may in-
clude treatment randomization (FDA, 2018), treat-
ment is often not masked or blinded to patients 
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or health-care providers (Ford & Norrie, 2016). 
Despite these limitations, pragmatic clinical trials 
have significant potential to generate RWE among 
broader patient populations with data collection 
practices that are already in place within health-
care systems (FDA, 2018).

Cohort studies can use prospectively or retro-
spectively collected data, and can provide infor-
mation on incidence, natural history of disease, 
risk factors, course of disease, and treatment out-
comes (Dang, 2023). Cross-sectional studies can 
also use prospectively or retrospectively collected 
data. For cross-sectional studies, information is 
taken from a single point in time (i.e., treatment 
and outcome data are collected at the same time) 
and are useful for providing information on preva-
lence (Dang, 2023; Setia, 2016; Taur, 2022). Case-
control studies use retrospectively collected data 
to identify patients with a particular outcome and 
seek to determine factors that contributed to that 
outcome (Dang, 2023; Taur, 2022). Patients with-
out that outcome of interest are used for control 
data (Taur, 2022). 

RWD Sources
Real-world data can be derived from a variety 
of sources that each come with merits and ca-
veats (Gokhale et al., 2020). Sources of RWD 
can include product or disease registries, EHRs, 
administrative claims data, surveys, and wear-
able devices or through social media platforms 
(Table 2). Selection of the ideal data source de-
pends on the primary research question and 
the parameters and outcomes that are required 
for the analysis (Gatto et al., 2022). As factors 
such as sample size and outcomes captured vary 
across data sources, it is critical for researchers 
to use RWD sources that best fit the needs of 
their analyses (Gatto et al., 2022). Large sample 
sizes are necessary for the comparison of one 
or more treatments (comparative effectiveness; 
Tang et al., 2023). Furthermore, treatments with 
small effect sizes on measured outcomes re-
quire larger sample sizes than treatments with 
large effects; therefore, researchers may need 
a large database or multiple databases to assess 
treatments with small effect sizes (Tang et al., 
2023). While large, diverse, RWD sources may 
be applicable for many types of studies, there 

are instances where a rare outcome or a subset 
of patients may be the focus. In those instances, 
a small but robust registry that captures these 
rare outcomes or patients may be a better fit 
(Gokhale et al., 2020). 

Statistical Methods Used in RWD Studies
Confounding is the existence of variables that 
may affect the outcome of interest (Gokhale et al., 
2020). Randomization is a key strength of RCTs 
and is implemented to help lessen confounding 
and to balance the patient characteristics in the 
arms of a clinical trial (Blonde et al., 2018; Hariton 
& Locascio, 2018). Owing to lack of randomization 
in RWD studies, statistical methods must be used 
to account for many confounding variables (Aus-
tin, 2014; Austin & Stuart, 2015). 

Validated statistical approaches for adjust-
ment include multiple imputation methods and 
propensity score (PS) techniques (Austin, 2014; 
Austin & Stuart, 2015; Austin et al., 2021). Multiple 
imputation methods are valuable for dealing with 
missing data (Austin et al., 2021), which can be 
prevalent in some RWD sources (Haneuse et al., 
2021). For example, variables such as body mass 
index may not be recorded in EHRs (Haneuse et 
al., 2021), and patients may refuse to answer cer-
tain survey questions (Austin et al., 2021). As it is 
not always practical to exclude patients from an 
analysis due to a single missing variable, multiple 
imputation methods use available data to calculate 
several possible values for the missing variable 
(Austin et al., 2021). Statistical analysis is then per-
formed on the resulting data. 

Propensity score techniques, such as pro-
pensity score matching (PSM) and inverse prob-
ability of treatment weighting (IPTW), are used 
to attempt to balance baseline characteristics or 
variables between patient groups and thereby 
limit bias (Austin & Stuart, 2015). The PS esti-
mates the probability of receiving a particular 
treatment based on baseline (patient) character-
istics that may affect the outcomes (Austin, 2014; 
Gokhale et al., 2020). For example, two patients 
with the same PS are more likely to have similar 
baseline characteristics than patients with dif-
ferent PSs (Austin, 2014; Austin & Stuart, 2015). 
With PSM, outcomes for patients with similar 
PSs are compared between treatments, excluding  
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patients from the analysis who do not have a 
match (Austin, 2014). With IPTW, a statisti-
cal weight is assigned to each patient based on 
their PSs so that, rather than excluding patients 
from the analysis, patients with similar statistical 
weights are compared between the cohorts (Aus-
tin, 2014). The key variables used in PS analysis 
should be defined prior to data extraction. Both 
PSM and IPTW can be used in a single study to 
provide internal validity for the study.

WHAT MAKES A ROBUST/ 
HIGH-QUALITY RWD STUDY?
Principles for evaluating the quality of obser-
vational studies that provide data on compara-
tive effectiveness have been proposed (Dreyer 

et al., 2010). Best practices for RWD studies of 
treatment effectiveness have also been outlined 
by a joint special task force of the International 
Society for Pharmacoeconomics and Outcomes 
Research and the International Society for Phar-
macoepidemiology (Berger et al., 2017), and 
even more recently, a structured template for 
planning and reporting on RWE study imple-
mentation (STaRT-RWE) was developed (Wang 
et al., 2021). High-quality RWD studies are those 
that are designed with a research question and 
clinically meaningful outcomes (Dreyer et al., 
2010; Tang et al., 2023). A study plan should be 
documented in a protocol that includes detailed 
study parameters, including patient inclusion 
and exclusion criteria, definitions of diseases 

Table 2. Sources of Real-World Data and the Types of Outcomes They Can Provide

Data source Population Data collected over time Outcomes

Claims databases People covered by a 
common payer

Longitudinal collection of resource use 
and associated payments may include: 
 • Demographics
 • Treatments
 • Healthcare visits 
 • Pharmacy 
 • Costs

 • Safety and effectiveness
 • Treatment patterns
 • Cost
 • Utilization

Registries People with a specific 
diagnosis, condition, 
or receiving a 
particular treatment, 
intervention or 
procedure

Clinical information for patients with 
an identified condition, which  
may include: 
 • Demographics 
 • Treatments
 • Health status 

 • Safety and effectiveness
 • Treatment patterns
 • Cost
 • Utilization
 • Estimated adherence
 • Patient-reported outcomes       

Electronic health 
records

People within a 
health-care system

Individual patient health data from 
clinician charts and records that may 
include: 
 • Demographics
 • Treatments
 • Health status 
 • Imaging
 • Laboratory values

 • Safety and effectiveness
 • Treatment patterns
 • Utilization
 • Patient-reported outcomes 

Patient and 
physician surveys

People with a specific 
diagnosis, condition, 
treatment, or 
procedure, 
or  
physicians who treat 
those people

Data are collected at a single point in 
time and may include: 
 • Demographics
 • Prescribing patterns 
 • Perceptions and attitudes

 • Treatment patterns
 • Quality of life
 • Estimated adherence
 • Patient-reported outcomes

Patient-generated 
data (e.g., from 
wearable devices 
and health-
related mobile 
applications, and 
social media)  

Healthy and ill people Data are collected at a single point in 
time or over a period of time and  
may include:
 • Demographics 
 • Health status 
 • Perceptions and attitudes

 • Treatment patterns
 • Quality of life
 • Estimated adherence
 • Patient-reported outcomes 

Note. Information from Garrison et al. (2007); Gokhale et al. (2020); Tang et al. (2023).
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and conditions, and allowed treatment regimens 
(Dreyer et al., 2010; Gokhale et al., 2020). The 
processes for data collection, including the types 
of codes (e.g., diagnostic codes) to define mea-
sures, the timing of measurements (e.g., index 
date, duration of follow-up) and outcome valida-
tion should be predefined (Wang et al., 2021). In 
addition to a protocol, a statistical analysis plan 
allowing for analysis of the data and assessment 
of the outcomes should be in place prior to any 
data extraction. 

The potential for bias, including selection bias, 
information bias, time-related biases, and preva-
lent-user biases, is present in all studies that use 
RWD; however, studies should be carefully de-
signed to reduce the sources of bias that can occur 
(Table 3; Dang, 2023; Gokhale et al., 2020; Wang 
& Schneeweiss, 2022). Selection bias in RWD can 
occur due to physicians choosing which treatment 
patients receive (Gokhale et al., 2020). Detection 
bias is a specific type of selection bias that arises 
when the probability of an event being captured is 
more likely in one treatment group over another 
(Dang, 2023; Rothman et al., 2008). Selection bias-
es can be mitigated through statistical adjustments 

(Blonde et al., 2018). Most other types of bias can 
be reduced by ensuring that the study design, in-
cluding the data source chosen (i.e., is the source 
reliable and relevant), and the analysis plan are 
“fit for purpose” by taking into account any data 
source limitations and choosing an appropriate 
study design to control for sources of bias (Gatto 
et al., 2022; Tang et al., 2023; Taur, 2022; Wang & 
Schneeweiss, 2022). 

Additionally, personnel should be adequate-
ly trained to perform data extraction and, if 
possible, be blinded to the research question. 
Alternatively, data extraction can be performed 
by an approved automated system (Rothman et 
al., 2008). Quality control measures should be 
used to assess and report missing data or er-
roneous entries and determine the cause and 
the potential effect on the results (Dreyer et al., 
2010; Rothman et al., 2008). When the study 
is published, enough information should be 
shared for the study to be replicated (Berger et 
al., 2017; Dreyer et al., 2010). Where feasible, 
the study should be performed on multiple data 
sources to provide external validation (Berger 
et al., 2017).  

Table 3. Sources of Bias in Studies Using Real-World Data 

Source of bias Definition
Method or statistical approach to  
minimize bias

Selection bias  • The selected population is not 
representative of the target population 
for which the conclusions are to be 
drawn that can arise due to physicians 
or patients (self-selection) choosing 
who gets a particular treatment

 • Identify and measure factors that influence 
selection in advance of the study

 • Appropriate control selection
 • Stratification
 • Propensity score methods to balance cohorts

Information bias or 
measurement bias

 • Bias that occurs due to misclassification 
of a treatment or outcome or from 
inaccurate measurement

 • Quality control measures such as data editing 
to examine the data extracted for erroneous 
entries

 • Multiple imputation methods for dealing with 
missing data

Immortal  
person-time bias 

 • Occurs due to misclassification of the 
time before the treatment where the 
patients could not have experienced the 
outcome  

 • Define the allowance for the time interval 
between exposure and disease onset that 
corresponds to a meaningful induction period 
(induction-time model)

 • Stratification

Recall bias  • Occurs due to selective recollection of 
events by patients or caregivers

 • Ensure that the time that lapsed between 
the exposure and recall is the same for both 
treatment and control groups

Prevalent-user bias  • Patients are more tolerant of drug 
due to already being on the treatment 
before study follow-up start

 • Require a wash-out period or focus on new 
users/treatment-naive patients

Note. Information from Dang (2023); Gokhale et al. (2020); Rothman et al. (2008); Wang & Schneeweiss (2022).
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Limitations
Real-world data does not assess causation, but 
rather provides information about the association 
between a treatment and an outcome (Khosla et al., 
2018; FDA, 2018). This limitation is due to the na-
ture of RWD as patient-level randomization is not 
possible; randomization is an effective means of 
mitigating some potential sources of bias (Blonde 
et al., 2018; Hariton & Locascio, 2018). While there 
are study design recommendations and statistical 

approaches that can be applied in RWD studies 
to minimize the potential for bias and confound-
ing effects, it is not possible to determine a causal 
relationship between interventions and outcomes 
(Khosla et al., 2018; FDA, 2018) owing to the ex-
istence of unobserved variables. Despite quality-
control measures, there is also the possibility of 
missing or erroneous data within the data sources, 
representing another limitation of RWD studies. 
Variation in the assessment of treatment response 

Table 4. Complementary Data From the PALOMA-2 Clinical Trial and the P-REALITY X RWD Study

PALOMA-2 (N = 666) P-REALITY X (N = 2,888)

Type of study Randomized (2:1), double-blind, multicenter, 
global, phase III clinical trial

Retrospective, cohort analysis of EHRs within 
the US Flatiron Health Analysis. Database of 
over 3 million patients

Key eligibility 
criteria

 • Postmenopausal women with ER+/HER2− 
aBC 

 • No prior treatment in the metastatic setting
 • ECOG PS 0−2

 • Men and postmenopausal women aged  
≥ 18 years with HR+/HER2− mBC starting on 
palbociclib + AI or AI alone in the first-line 
from February 3, 2015, to March 31, 2020 
(index date)

 • Potential follow-up of 6 to 68 months from 
index date to study cutoff date, September 
30, 2020

Treatment arms Palbociclib + letrozole vs. placebo + letrozole Palbociclib + AI vs. AI alone

Primary endpoint PFS OS

Secondary 
endpoints

OS, OR, DOR, HRQOL, safety, pharmacokinetic 
effects, tissue biomarker assessments

rwPFS, subsequent treatments 

Statistical 
methods/ 
assumptions

 • Sample size calculated to detect ~44% 
improvement in median PFS from 9 months 
for the control arm to 13 months for the 
palbociclib arm

 • Assuming a true HR of 0.69 in favor of the 
palbociclib arm (90% power with 1-sided  
α = 0.025)

 • Median OS - 390 events required to detect 
HR of < 0.74 (80% power with 1-sided  
α = 0.025) 

 • The Kaplan-Meier method was used to 
estimate median PFS. HRs were estimated 
from Cox proportional hazards model

 • Sample size calculated to detect 25% 
improvement in median OS from 40 months 
for the control cohort to 50 months for the 
palbociclib cohort

 • Assuming a true HR of 0.80 in favor of 
palbociclib (80% power with a 2-sided  
α = 0.05)

 • Unadjusted analysis
 • sIPTW as primary analysis to balance baseline 

demographics and clinical characteristics
 • PSM conducted as sensitivity analysis

Median PFS Primary endpoint
 • Median follow-up 38 months
 • Palbociclib + letrozole (n = 444) 27.6 months
 • Placebo + letrozole (n = 222) 14.5 months
 • HR = 0.56 (95% CI = 0.46−0.69), p < .0001

Secondary endpoint (rwPFS)
 • Median follow-up 24 months
 • Unadjusted: 

Palbociclib + AI (n = 1,324) 19.8 months
AI alone (n = 1,564) 13.9 months
HR = 0.68 (95% CI = 0.62−0.76), p < .0001

 • After sIPTW: 
Palbociclib + AI (n = 1,572) 19.3 months
AI alone (n = 1,137) 13.9 months
HR = 0.70 (95% CI = 0.62–0.78, p < .0001

 • After PSM: 
Palbociclib + AI (n = 939) 19.8 months
AI alone (n = 939) 14.9 months
HR = 0.72 (95% CI = 0.63–0.82), p < .0001  
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is a potential limitation. For example, disease re-
sponse assessments in RWD are generally based 
on the provider’s determinations instead of us-
ing standardized assessment criteria, such as the 
Response Evaluation Criteria in Solid Tumors 
(RECIST) and a blinded centralized review. Ad-
ditionally, the results of RWD studies may not be 
generalizable to patients outside of the database 
used for that study; for example, a study conduct-
ed solely from a database of patient records in Asia 
may not be fully generalizable to a US population 
and vice versa.

PRACTICAL APPLICATION OF RWE: 
INFORMING TREATMENT DECISIONS 
As previously noted, the data ascertained from 
RWD studies can help provide a more robust un-
derstanding of a therapy’s effectiveness in real-
world clinical practice. Palbociclib was the first 
CDK4/6 inhibitor to be approved by the FDA, 
receiving an accelerated approval in February 
2015 for use in combination with letrozole for 
the treatment of postmenopausal women with 

estrogen receptor-positive (ER+)/HER2− ad-
vanced breast cancer; this approval was based on 
data from a phase II clinical trial. Since this ap-
proval, there are now more than 8 years of RWD 
collected following the integration of palbociclib 
into clinical practice. Here, we demonstrate the 
value and practical application of RWE using two 
palbociclib studies: the PALOMA-2 RCT (Finn et 
al., 2016; Finn et al., 2022) and the P-REALITY X 
RWD study (Rugo et al., 2022; Table 4).

The PALOMA-2 trial (NCT01740427) was a 
prospective, randomized, double-blind, multi-
center, global, phase III clinical trial that com-
pared palbociclib + letrozole with placebo +  
letrozole in postmenopausal women with ER+/
HER2− advanced breast cancer who had no prior 
treatment in the metastatic setting and an Eastern 
Cooperative Oncology Group performance status 
(ECOG PS) of 0 to 2 (Finn et al., 2016). Patients 
were excluded if they had advanced, symptomatic, 
visceral spread and were at risk for life-threatening 
complications or known active uncontrolled or 
symptomatic central nervous system metastases 

Table 4. Complementary Data From the PALOMA-2 Clinical Trial and the P-REALITY X RWD Study (cont.)

PALOMA-2 (N = 666) P-REALITY X (N = 2,888)

Median OS Secondary endpoint
 • Median follow-up 90 months
 • Palbociclib + letrozole 53.9 months
 • Placebo + letrozole 51.2 months
 • HR = 0.956 (95% CI = 0.777−1.177), p = .338

Primary endpoint
 • Median follow-up 24 months
 • Unadjusted:

Palbociclib + AI 53.4 months
AI alone 40.4 months
HR = 0.67 (95% CI = 0.60−0.76), p < .0001

 • After sIPTW:
Palbociclib + AI 49.1 months
AI alone 43.2 months
HR = 0.76 (95% CI = 0.65–0.87), p < .0001

 • After PSM:
Palbociclib + AI 57.8 months
AI alone 43.5 months
HR = 0.72 (95% CI = 0.62–0.83), p < .0001

Key takeaway  • Palbociclib + letrozole compared with 
placebo + letrozole had statistically 
significantly prolonged median PFS.

 • Median OS was numerically longer for 
palbociclib + letrozole compared with 
placebo + letrozole, but the result was not 
statistically significant

 • Palbociclib + AI compared with AI 
monotherapy was statistically significantly 
associated with prolonged median OS and 
median rwPFS before and after sIPTW  
and PSM

Note. aBC = advanced breast cancer; AI = aromatase inhibitor; CI = confidence interval; DOR = duration of response; 
ECOG PS = Eastern Cooperative Oncology Group performance status; EHRs = electronic health records; ER+/HER2− = 
estrogen-receptor positive/human epidermal growth factor 2-negative; HR = hazard ratio; HR+/HER2− = hormone-
receptor positive/human epidermal growth factor 2 negative; HRQOL = health-related quality of life; mBC = metastatic 
breast cancer; OR = objective response; OS = overall survival; PFS = progression-free survival; PSM = propensity score 
matching; rwPFS = real-world progression-free survival; RWD = real-world data; sIPTW = stabilized inverse probability 
of treatment weighting. Information from Finn et al. (2016); Finn et al. (2022); Rugo et al. (2022); Rugo et al. (2019).
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(other inclusion/exclusion criteria applied). The 
primary endpoint of the trial was progression-free 
survival (PFS), which was assessed by a blinded,  
independent, central review panel using RECIST. 
Overall survival (OS) was assessed as a key second-
ary endpoint. Some of the other secondary end-
points were objective response and safety. The trial 
was specifically designed to detect a 44% improve-
ment in the primary endpoint of median PFS with 
palbociclib + letrozole compared with the control 
arm (placebo + letrozole), with 90% power.  

A total of 666 postmenopausal women were 
enrolled in PALOMA-2. The PALOMA-2 trial met 
its primary endpoint of PFS (with 194 events in the 
palbociclib + letrozole arm and 137 events in the 
placebo + letrozole arm) and demonstrated that 
patients treated with palbociclib + letrozole had 
a significantly longer median PFS of 27.6 months 
compared with 14.5 months for those treated with 
placebo + letrozole, resulting in a 44% reduction 
in the risk of disease progression or death (haz-
ard ratio [HR], 0.56; 95% confidence interval [CI] 
= 0.46−0.69; p < .0001; Rugo et al., 2019). There 
was a numerically longer, but not statistically 
significant, difference in median OS (secondary 
endpoint) between those treated with palbociclib 
+ letrozole vs. placebo + letrozole (53.9 vs. 51.2 
months; p = .338) after 405 events and a follow-up 
period of 90 months (Finn et al., 2022). As men-
tioned previously, one limitation of RCTs is that it 
can be difficult to assess endpoints that take a long 
time to manifest. For example, the long median 
survival after progression such as in PALOMA-2 
could mean the OS results are confounded by sam-
ple size, treatment crossover, and the dilutionary 
effects of multiple subsequent treatments (Broglio 
& Berry, 2009; Finn et al., 2022).

In contrast to PALOMA-2, the P-REALITY X 
(NCT05361655) study had a retrospective design 
to evaluate clinical outcomes from both men and 
postmenopausal women with HR+/HER2− mBC 
treated with palbociclib + any aromatase inhibi-
tor (AI) and those who received an AI alone be-
tween February 3, 2015, to March 31, 2020 (Rugo 
et al., 2022). The study used a protocol and statis-
tical analysis plan to extract data from EHRs of 
the US Flatiron Health Analysis Database, which 
included over 3 million patients, most of whom  
(> 90%) were primarily treated in community 

settings (Rugo et al., 2022). Patients with clinical 
variables that may affect survival and treatment 
selection such as visceral disease, brain metasta-
sis, and ECOG PS 0 to 4 were also included. The 
primary endpoint of P-REALITY X was OS, which 
was a strictly objective endpoint, as patients were 
either alive or not at the time of the assessment, 
with no possibility of bias in this determination. 
Real-world (rw) PFS was a secondary endpoint, 
assessed by physicians based on radiographic or 
pathological results, rather than requiring evalu-
ations be conducted utilizing RECIST, and result-
ing in a potentially more subjective outcome than 
when assessed as an endpoint in PALOMA-2. 
Three methods were used in P-REALITY X for 
comparative analyses between treatment groups: 
(1) an unadjusted analysis that did not control 
for baseline demographic and clinical character-
istics, (2) stabilized inverse probability of treat-
ment weighting (sIPTW; primary analysis) to 
balance baseline characteristics and control for 
confounding variables, and (3) 1:1 PSM as a sensi-
tivity analysis. Both sIPTW and PSM methodolo-
gies used PSs computed based on the following 
variables: age group, sex, race/ethnicity, practice 
type, disease stage at initial diagnosis, ECOG PS, 
bone disease, visceral disease, interval from ini-
tial breast cancer diagnosis to mBC diagnosis, and 
number of metastatic sites.

In P-REALITY X, data from 2,888 men and 
postmenopausal women with HR+/HER2− mBC 
were included, and the study met its primary end-
point of OS. In the primary analysis (sIPTW), pa-
tients treated with palbociclib + an AI had a medi-
an OS of 49.1 months compared with 43.2 months 
for those treated with an AI alone, resulting in a 
24% reduction in the risk of death (HR, 0.76; 95% 
CI = 0.65−0.87; p < .0001). The secondary endpoint 
of rwPFS was also significantly extended to 19.3 
months in the palbociclib + an AI arm compared 
with 13.9 months in the AI-alone arm, resulting 
in a 30% reduction in the risk of disease progres-
sion or death (HR, 0.70; 95% CI = 0.62−0.78; p < 
.0001) after sIPTW. Both primary and secondary 
endpoint results were confirmed by the PSM anal-
ysis (Table 4), further lending internal validity to 
the study. Limitations of the P-REALITY X study 
include those that are inherent to any study that 
uses RWD, including the potential for missing or 
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erroneous data entry, the inability to account for 
unobserved variables, and potential lack of gener-
alizability to patient populations beyond the data-
base used for the study (Rugo et al., 2022).

While there are many differences between 
PALOMA-2 and P-REALITY X, including study 
design, inclusion and exclusion criteria, data-col-
lection methods, sample sizes, and patient char-
acteristics (i.e., median age, race), the two studies 
provide an example in which RWE was able to 
provide information that may fill in some of the 
existing data gaps. For example, both the clinical 
and demographic diversity of the patient popula-
tion included in the P-REALITY X study differed 
from those in PALOMA-2: the patients in P-RE-
ALITY X were older, included men (in alignment 
with the US label) and were primarily treated in a 
community setting (90%) vs. an academic setting 
(Rugo et al., 2022); and, importantly, more Black 
patients were included in P-REALITY X (Rugo et 
al., 2022) (~8%, vs. 1.2%–1.8% in PALOMA-2; Finn 
et al., 2016). P-REALITY X also included patients 
with ECOG PS > 2, which were not included in 
PALOMA-2 (Finn et al., 2016; Rugo et al., 2022). 
Fewer patients had visceral metastases (29% vs. 
49% in PALOMA-2) and more had bone-only me-
tastasis (39% vs. 23% in PALOMA-2; Finn et al., 
2016; Rugo et al., 2022). There was also a notable 
difference in the sample sizes between the two 
studies, with data from 2,888 men and postmeno-
pausal women included in P-REALITY X and 666 
postmenopausal women enrolled in PALOMA-2. 

The results of P-REALITY X and of PALOMA-2 
together can provide some reassurance to APPs 
that prescribed medications can be effective in the 
patients that they care for in clinical practice, even 
when some of those patients’ characteristics differ 
from those who were included in RCTs. This sup-
ports the integration of RWE into discussions with 
patients when considering therapeutic options. 

WHY RWE IS IMPORTANT TO 
PATIENTS: SHARED DECISION-MAKING
Patients who are actively involved in their treat-
ment decisions are more likely to adhere to their 
treatment plan (Deniz et al., 2021). Patients want 
to know if the treatment will work for them 
(Forstag, 2019). For patients and clinicians to 
make fully informed decisions about treatments, it 

is beneficial to understand the benefits and risks 
of potential treatments. Randomized controlled 
trials are intentionally designed to control for 
variability; however, in the real world, variability 
exists. As well-designed RWD studies are able to 
account for variability and factors that may mod-
erate a treatment’s effect (Singal et al., 2014), they 
can contribute to the totality of evidence for a 
treatment and should be discussed with patients 
when making treatment decisions. This can be es-
pecially helpful if a patient has comorbidities or 
characteristics that were not well-represented or 
permitted in RCTs (e.g., age, race/ethnicity, car-
diac disease). 

The totality of the data for a specific treatment 
can help both the clinician and patient be more 
comfortable in understanding what the treatment 
experience could be for patients not well repre-
sented in clinical trials. This can be seen in a quick 
overview of the demographic data for the two stud-
ies described previously. Briefly, PALOMA-2 in-
cluded postmenopausal women only, had a some-
what younger population, allowed an ECOG PS of 
0 to 2, and the percentage of Black patients was  
< 2%. In contrast, the P-REALITY X RWD includ-
ed a larger sample size, included men and post-
menopausal women, was comprised of a slightly 
older population, allowed an ECOG PS of 0 to 4, 
and had a percentage of Black patients of approxi-
mately 8%. By looking at this simple comparison 
of demographic information, the P-REALITY X 
study included a larger and broader range of pa-
tients, allowing for greater generalizability. While 
there are similarities and differences in the two 
studies, taken together, these studies provide more 
data for consideration by both clinicians and pa-
tients when engaging in shared decision-making. 

WHY IS THIS IMPORTANT TO APPs? 
With the increase in RWE prevalence and use, 
APPs are likely to encounter this type of data and 
think about how to apply it to their practice. Under-
standing why RCTs and RWD studies are conduct-
ed and their strengths/limitations and similarities/
differences, determining how generalizable each 
are to the broader population of patients with a 
particular disease, and how they can inform treat-
ment decisions is critical. Importantly, knowing 
that much of RWD are derived from EHRs serves 
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as a reminder to APPs that complete and accurate 
documentation is essential. Not only is this impor-
tant for clinical care, but a patient’s clinical infor-
mation could also become part of a RWD study. 
While finding the needed time for thorough doc-
umentation can be challenging, entering relevant 
and comprehensive information can help make da-
tabases more robust and potentially contribute to 
RWE. Finally, the ability to assess the strengths of 
RWD studies is important in determining how and 
when the results can be applied to clinical prac-
tice. Internal discussion among APPs and oncolo-
gists may raise awareness of this type of research 
and show how RWE can be applied to selecting 
therapeutic options and be integrated into shared 
decision-making with patients. l
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