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CHAPTER 2

Abstract

Over the last two decades the interest in real-world data (RWD), specifically on cancer
treatments, has significantly increased since they can bridge the knowledge gap in
evidence not addressed in randomized clinical trials. All sources of RWD used in
studies have their own strengths and limitations and therefore can be used to inves-
tigate various aspects of oncologic drug treatments in daily practice. This review first
gives an overview of the currently available real-world sources used to evaluate cancer
treatments in clinical practice. It includes sources as the case report form, electronic
health records, administrative claims data, patient reported outcomes, cancer registries,
mobile applications, wearable devices, and social media data and their strengths and
limitations. Next, it elaborates on the potential applications of RWD, and summarizes
how data from these sources can, in varying degrees, be used to estimate real-world
effectiveness, monitor pharmacovigilance, calculate cost-effectiveness, describe general
treatment utilization patterns, and support personalized treatment choice of cancer
treatments. And, it gives a perspective of how RWD use can be optimized as the field
of RWD on oncologic treatments is rapidly growing. The improvements include, but
are not limited to, more harmonized and complete RWD sources, more connected or
merged datasets, and more use of artificial intelligence in data processing. Further-
more, improved privacy legislation can even further enhance the insights generated
with RWD. Concluding, a variety of RWD sources can be used to generate significant
insights into cancer treatments in clinical practice. With further improvements RWD

use can reach its full potential.
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REVIEW: REAL-WORLD CANCER TREATMENT DATA SOURCES

1. Introduction

Randomized controlled trials (RCTs) are the golden standard in determining the
efficacy and safety of medical drug treatments due to its proven and rigorous study
design, which makes RCTs crucial in market authorization for drug treatments [1].
However, RCTs also have potential weaknesses: by design, they are time and resource-
intensive, and only include a selected patient group; they are often not designed for
follow-up of long-term toxicity, frequently use surrogate parameters, and they have

limited external validity [2, 3].

In general, all data regarding the effects of health interventions in patients not collected
in RCTs are defined as real-world data (RWD) [4, 5]. RWD includes data primarily
generated for studies in clinical practice, and the reuse or secondary use of data already
generated for other (healthcare) purposes. As health-related information is increas-
ingly stored digitally, these routinely generated data, e.g., electronic health records,
administrative claims- and patient-derived data, can also be used as RWD sources
[4, 6, 7]. Evidence derived from RWD, real-world evidence (RWE), in general, has
greater external validity and generalizability RCTs. For example, by including larger
populations, RWD can gain insight in treatment effectiveness and long-term and rare
toxicity. Also, topics not included in trials can be studied, such as treatment patterns,
effectivity in rare cancer tumours, and the effects in specific subgroups can be analysed
[2]. In this way, RWE can add valuable information to the evidence which is obtained
from RCTs [8].

In the last two decades an exponential growth is seen in publications with RWD
and RWE on PubMed. It increased from 12 articles in 2002 to 3,310 articles in 2021,
including opinion and perspective papers, original studies, and (systematic) reviews
[9]. Furthermore, in 2021 around a quarter of the publications included the topic
“cancer” (Figure 2.1). All sources of RWD used in studies have their own strengths and
limitations and can be used to investigate various aspects of oncologic drug treatments
in daily practice [10]. In addition, the increase in the number of studies results in a
rapidly changing field. Therefore, the aim of this review is to give an overview of the
current options for real-world sources used to evaluate cancer treatments in clinical

practice, and how it can be optimized in the future.
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Figure 2.1. Number of publications on “Real-world data” and “Real-world data” combined with “cancer”
per year on PubMed.

2. Sources

Multiple sources contain RWD on cancer treatments, and each source has its advantages
and challenges regarding the time and effort it takes to collect the data, the quality of
the data, the coverage of information and therefore the potential risk of bias. Table 2.1

shows a summary of basic characteristics and the strengths and limitations per source.

2.1 Case report form

The standard method to generate data prospectively, and primarily for study purposes,
is by using case report forms (CRFs). Traditionally CRFs were paper forms, but they
are now mostly digital (electronic CRFs [eCRFs]). Based on a study protocol, they
are used to collect all study results, which is mandatory by the Good Clinical Practice
guidelines for clinical trials [11, 12]. However, CRFs can also be used to collect data
from clinical practice. The process of data collection, recording, monitoring, and
auditing is done by staff, which makes the use of CRFs to collect data a time intensive

and costly process [11].
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Table 2.1. Strengths and limitations of real-world data sources

Real-world
data source Strengths Limitations
Case report - All'essential data can be - Expensive
forms collected - Laborious

- High data quality - Datais not readily available
Electronic - Extensive and nuanced - Often limited to one healthcare
health records longitudinal patient, center

disease, and treatment data - Complex data source

Administrative
claims data

Patient
reported
outcomes

Registries

Wearable
devices

Social media
data

)|

=)

- Longitudinal data across
healthcare facilities
- Insights in costs

- Direct insight in patients’
perception of treatments
and quality of life

- Multiple validated
questionnaires available

- Large, structured databases
with patient, disease, and
treatment data

- Reflects treatments on
population level

- High density longitudinal
biometric data

- Insight in patients’
perception on treatments
and disease

- Risk of missing or incorrect data

- High variety in sensitivity
- Limited to reimbursable
healthcare

- Use of PROMS is not yet
standard of care

- Patients'willingness and
capacity to participate can bias
outcomes

- Laborious
- Data may lag current practice

- Data generation is limited to
users
- Still in development

- Limited to social media users
- Missing data on patient
demographics

2.2 Electronic medical records

A vast amount of RWD is collected from electronic health records (EHRs). Primarily,
EHRs were implemented for billing purposes, but has expanded to many core functions
including keeping track of patients’” health information, test results, decision support,

and improvement of communication with care partners [13]. As a result, EHRs contain
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longitudinal data on patients, their diseases and treatments collected during routine
care, especially on cancer patients, which frequently visit the hospital [14]. It includes
data on primary care-, hospital and emergency department visits, demographics, vital
signs, laboratory data, medication orders, procedures, imaging, health behaviour, and
free-text notes, e.g., summarizing encounters and correspondence [15]. These free-text
notes can make up to 80% of the healthcare information, and contain valuable details
and nuances on a patients’ treatment trajectory [16]. EHR data has limitations when
used for research purposes. Since accurate and correct documentation may be difficult
in clinical practice, data may be missing, erroneous, uninterpretable, or inconsistent,
in particular in free-text notes. Also, EHRs of a single center may not represent the
complete medical history of a patient and a patient population [17, 18]. Furthermore,
high variety in expressions in terminology - the linguistic complexity — and the level of
detail or specificity used to describe a specific case can limit the accuracy of automatic
data extraction [17-19].

2.3 Administrative claims data

Administrative claims data are generated for reimbursement purposes. However, since
the billing codes from claims for insurance providers include coded information on
diagnoses and healthcare services provided, they can also give insight in provided
cancer treatments [20]. What makes claims data unique, is that they capture longitu-
dinal data from individuals across healthcare facilities, including in- and outpatient
visits, and dispensing data of prescription medication from outpatient or community
pharmacies [20, 21]. Therefore, these data can be used to study specific elements on
healthcare delivery such as the hospital volumes, healthcare providers, and prescribing
patterns [20]. Claims data only contains reimbursable healthcare, therefore excludes,
e.g., over-the-counter medicines. Furthermore, they are more likely to present more
severe clinical conditions, i.e., conditions that require surgery, or persistent healthcare
increase the accuracy of correct coding. Therefore, the sensitivity of specific outcomes
in claims data varies [20, 21]. Furthermore, compared to other sources, claims data

often lack clinical, laboratory and patient’s behavioral data [20].

2.4 Patient reported outcome measures
Patient reported outcome measures (PROMs) are standardized questionnaires through
which patients themselves directly share their experience and perception of a specific

disease or treatment by reflecting e.g., on health-related quality of life, symptoms, and
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treatment adherence and satisfaction. These questionnaires can be generic for quality
of life, e.g., the EQ-5D [22], or disease specific, like the questionnaire for patients
with cancer: EORTC-QLQ-C30 [23, 24]. Primarily, they were developed to assess
the effectiveness of treatment in clinical trials [25, 26]. However, the applications
have further broadened, by including them in clinical practice, improving the com-
munication regarding and assessment and management of patients’ symptoms [25].
Furthermore, these PROMs create the possibility to retrospectively review all patient
reported experiences. However, due to the lack of time and knowledge and inadequate
digital infrastructures clinicians have difficulty with successfully integrate, interpret
and act upon the PROMs data, which must be taken into account when using PROMs
as RWD source [27]. Furthermore, it must be taken into account that the willingness
and capacity of patients to continuously participate with the questionnaires can bias
results [28].

2.5 Cancer registries

In cancer registries data from all patients with a certain type of cancer and/or with
a specific treatment in clinical practice is systematically and continuously stored
without specific prospectively defined outcomes [20, 29-31]. They are often popula-
tion-based on a regional or national level, but can also be health-care setting based
(e.g., one hospital) [31]. In registries, in general, a wealth of information on patients’
sociodemographic and clinical characteristics is collected, making them a unique
source of data on all patients in a certain region and therefore ideal to retrospectively
investigate, e.g., cancer incidence and treatment effectiveness in a specific geographi-
cal area, social group or time period [31, 32]. For the collection of data, registries are
mostly dependent on EHR data from hospitals, which are usually manually entered
[33], but also data from independent (pathology) labs, physician offices, administra-
tive claims data, biomarker data, pharmacy claims, patient reported outcomes and
general demographic data can be included [20]. Even though registries are large and
structured databases, they lack uniformity. Therefore, not every registry will contain
the same variables [33]. Also, information on disease progression or recurrence and
adverse drug reactions is not always structurally collected [20]. And, as data collection
from various sources is time-consuming, the results from registries can lag 1-2 years

behind current practice [20, 34].
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2.6 Mobile applications and wearable devices

Wearable devices are items worn around the body (e.g., around the wrist, upper arm,
waist, or hip) that can monitor and objectively collect biometric data (e.g., heart rate,
respiratory rate, oxygen saturation, physical activity, sleep patterns) [35, 36]. These
devices also can be used for the evaluation of cancer treatments. Multiple recent
review articles mention that these tools have the potential to investigate adverse
events, treatment adherence, symptoms, practice of physical activity, and overall, the
quality of life [35-37]. Limitations in the use of these wearable items include, firstly,
that users must have a certain level of digital literacy, which may be lacking in the
elder generations. Furthermore, the devices themselves must be worn and function
without technical problems, in order to generate data. Therefore the consumer-grade
tools have to be validated and monitored [36]. Also, consensus still must be found on
the terminology regarding wearable devices, in order to increase uniformity of the

outcome measures in studies [37].

2.7 Social media data

Next to all data collected in and around the healthcare setting, social media use has
significantly increased. This concurrent expansion of generated digital information
has the potential to be used for cancer treatment evaluation. A review of Kalf et al. [38]
showed that data collection from social media sources as forum topics and discussions,
Facebook pages of patient communities or support groups and Twitter conversations can
be a potential source to study relative effectiveness, adverse events, symptoms, quality of
life, and adherence behaviour of patients with cancer and their treatments. Social media
listening can also be used to give insight in patients experiences with (new) treatments
[39]. Social media data can be biased due to the specific user profile, e.g. younger and
female patients, and post may be duplicated, topics can be recurrent, and reporting on
social media can also induce the reporting from patients with similar events [38]. Also,
the amount of demographic or clinical information of patients on social media is limited,

e.g., regarding patients’ age, sex, or specific disease characteristics [39].

3. Applications of RWD in the evaluation of drug treatments

All sources of RWD can be used for specific research purposes in various phases of
the life cycle of a drug - from drug discovery to post-registration. Multiple RWD

applications have been defined and categorized.
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3.1 Effectiveness

In real-world studies the treatment outcomes, and more specifically the effectiveness of
a treatment in a specific population, are studied frequently for new cancer treatments
post-marketing. Thereby the effectiveness of treatments under different circumstances
than the trial and trial population can be studied, e.g., elderly, patients with comor-
bidities or limited kidney-, liver-, or cardiac function. But also, for the investigation
of long-term efficacy outcomes, RWD are relevant, since in RCTs the outcome of a
treatment is mostly studied during a shorter period [40]. For an accurate determina-
tion of the treatment effectiveness in clinical practice, insight in patient characteristics,
previous treatments a patient received and the accompanying outcomes as recurrence,
progression, or mortality are necessary. Electronic health records data, especially when
merged into a registry or other larger databases, are suitable for this purpose, when
the caveats as inaccurate or incomplete data are considered [17, 41]. Also claims data
are used for effectiveness studies, mostly regarding the overall survival after treatment
initiation [42]. The growing quantity of effectiveness studies even enables systemati-

cally reviewing specific outcomes [43].

3.2 Pharmacovigilance

The monitoring of adverse events is continued after marketing authorization, which
is an important part of pharmacovigilance. Indeed, not all adverse events (AEs) are
identified in RCTs; especially rare and late AEs do often not surface during this phase
[44]. Especially for oncologic treatments pharmacovigilance is important, as almost all
treatments are accompanied with serious toxicity. New oncologic treatments frequently
enter the market before their safety profile is complete, and more often fast track routes
are applied to accelerate market entry [45]. Furthermore, new targeted treatments and
immunotherapies come with their own unique, complex safety profiles [46]. AEs can
arise as a signal from multiple sources indicating a potential causal association between
a treatment and the specific AE. Spontaneous reporting systems, in which a reporter,
e.g., physician, reports their suspicion of an adverse event, have been the cornerstone
in the pharmacovigilance process. However, the disadvantages of this system are, in
general, a combination of underreporting, overreporting of publicized events, biased
reporting, incomplete patient information, and missing of a denominator to estimate
the frequency of this AE [44, 46, 47]. Therefore, in the field of pharmacovigilance,
there is increasing interest in various sources of RWD. Reviews of Crestan et al. [46]

and Lavertu et al. [47] emphasize the potential use of big data collections as EHR,
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claims, and social media data. And both groups underline the potential application
of innovative methods for the synthesis and analysis of data, as in general the use of
artificial intelligence, including but not limited to, data mining, cognitive computing,
and natural language processing. Furthermore, for more insights in the patients’ per-
spective on adverse events, PROMs are a relevant RWD source, as observed in the
study of Stormoen et al., who investigated the burden of adverse events in a population

of prostate cancer patients receiving medical treatment [48].

3.3 Cost-effectiveness

Demonstrating cost-effectiveness is especially relevant for cancer treatments, since
new treatments often come with high prices even though the uncertainty on the added
clinical value [49, 50]. RWD already has already extensively be used in the field of
cancer treatments for cost-effectiveness. For example, almost all (96%) single technol-
ogy appraisals of oncologic drug treatment performed by the National Institute for
Health and Care Excellence of the United Kingdom contained some RWD in the cost-
effectiveness analysis [51]. Moreover, insight into the clinical value of treatments with
RWD can substantiate more accurate economic evaluations, and therefore influence
reimbursement decisions and price negotiations [52]. Key components of the estima-
tion are survival outcomes (discussed in “3.1 effectiveness”), quality of life, and costs
[53]. The quality of life can best be evaluated by using patient reported outcomes, and
increasing the use of PROMs will improve these estimations, as currently the quality of
life is not often systematically recorded [54]. Furthermore, administrative claims data
are the prime source for costs data [55]. Furthermore, detailed information as actual
number of used vials of a specific treatment can be extracted from EHR, as is done in

the real-world cost-effectiveness analysis of Van Kampen et al. [56].

3.4 Indication expansion

Often indications are expanded later in the drug treatment life-cycle [45]. Real-world
evidence on the off-label use reflecting on the safety and efficacy of a treatment can be
useful in this process. To illustrate, between 1 January 2018 until 31 December 2019,
12 of the 78 applications for the extensions of indications regarding antineoplastic and
immunomodulating agents submitted at the European Medicines agency included
RWE, mainly derived from registries and EHR data [57]. One example is the expansion
of the application of palbociclib in men with hormone receptor-positive/human

epidermal growth factor receptor 2-negative metastatic breast cancer in addition to the
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registration for women. This was based on the study of Kraus et al. [58], who showed
by reviewing EHRs, medical claims and prescription data, that palbociclib use in men

was safe and consistent with the treatment of women.

3.5 General treatment prescribing and utilization patterns

How medication is used in clinical practice, can only be studied by analysing RWD.
Treatment-related aspects include the specific choice of treatment, the dose, and the
accompanying order in lines of treatment, reflected in treatment pattern studies in
certain populations and moments [40]. These studies give insight in (shifts in) prefer-
ence, and the adherence to treatment guidelines. Also, the time on treatment, treatment
compliance and dose (reductions) over time add important understandings of how
treatments are used and tolerated in clinical practice. For example, the review of Waser
etal. [59] summarized twenty treatment pattern studies in non-metastatic non-small-
cell lung cancer patients, to conclude that the patterns of increasing use of (neo)adjuvant
treatment with increasing stage were, in general, in line with guidelines, and these
studies mainly used data from registries, claims and medical records. Furthermore,
Gan et al. [60] showed maintained effectiveness of cabozantinib in first- to fourth line
treatment use, and associated toxicity-related dose reductions with improved outcomes
based on a database with hospital and pharmacy records data. These studies also show
that for comprehensive insights in patterns, larger datasets are needed, and therefore

claims data, or larger registries containing EHR data are suitable sources.

3.6 Personalized treatment choice

Next to drug utilization in the general population, the characterisation of specific
patient populations receiving treatments is relevant to interpret use and effectiveness
of treatments of real-world cancer patients. It is well-known that trial populations are
not always representative due to strict eligibility criteria and underrepresentation of
certain demographics, e.g., related to race or age [61, 62]. Besides, disease related factors
including biomarkers and non-related factors as a patients’ physical state, genetics,
comorbidities, comedication can influence outcomes [1, 63]. Detailed RWD, especially
from health records, can be used to generate better insight in the patient characteristics
and the accompanying outcomes can potentially help in identifying what treatment
a specific patient might benefit the most from. Ideally, RWD is used to estimate the
influence of all these individual factors on specific treatments and outcomes for clinical

decision support in therapeutic decision making [64]. Machine learning algorithms
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can potentially be the key for the pattern recognition in the growing amount of data,

however due to the complexity of the data, this is not yet practice [65].

4. Future perspectives

The amount of available RWD of patients with cancer is constantly growing and can
be found in several data sources. These RWD have the potential to replace or add data
to the evidence generated by conventional research methods by being able to generate
datasets that are quicker, cheaper, or larger, and generate data that were previously
not available. This manuscript highlights the most common sources used to generate
insights in oncologic treatment effects after registration, and the aspects of a treatment
of which insight can be improved. It is shown that not every data source is suitable for
all research questions, but a combination of sources can generate a wide range of data
of oncologic patients and their treatments in clinical practice. However, improvements

are needed before the use of RWD will reach its full potential.

4.1 Optimising source data

In the basis, the quality of the data is essential for collecting meaningful RWD which
is suitable for analysis. However, a repeating disadvantage of all sources is that the
primary purpose of the data capture was not research, and therefore the data quality
can be limited. Maissenhaelter et al. [2] summarized the challenges in data quality
in data completeness, data structure, data accuracy and the challenge of novel types
of data. Part of the solution can be improving and harmonizing the data capture by
generating more user-friendly, but clear front-ends of the used software, for example
of EHRs. However, it will remain impossible to capture all patient data, therefore,
minimum standards have to be established and harmonized over all used software
programs [66]. Also, data entry can in the future potentially be replaced with new
techniques as automatic speech-recognition based clinical documentation. However,
these techniques are still in development [67]. Also, with more uniform data sources,
combination of data and the implementation of application of smart analysis (4.3) will
be made easier, as currently most data is siloed in their own systems [65]. However,

only improving the data input will not solve all challenges with RWD.
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4.2 Integration of sources and systems

The next challenge lies in the better integration of the sources and systems. This
problem can be split into two parts, namely that that data from the same source type
can be easily merged, and that different source types can be combined. If data sources
are more harmonized, they can more easily be combined in joint data warehouses,
and thereby the pool of RWD will be enlarged [2]. Subsequently, these large pools
of RWD enable larger population studies. Registries are already a form of merged
datasets, however, by harmonizing their sources, data collection can potentially be
further automated. Furthermore, for example, integration of data from wearable
devices into the EHR can add extra perspective, not only for research purposes, but
also for healthcare practice. Already some devices have been piloted or implemented
in EHR systems. Until now, systems are not always interoperable or cannot connect
with wearable devices. In addition, EHR systems have to be ready to store the amount

of data that wearables generate [68].

4.3 Artificial intelligence for smart analysis

Next to the efforts to optimizing and combining sources, the method of handling data
also can be improved, especially with artificial intelligence. Data language processing
techniques have the potential to process and extract information from large amounts
of unstructured data, such as captured in the EHR and social media. To transfer EHR
data into a form fit for retrospective analysis, manual extraction has been the standard
method [69]. However, as this method is time-consuming, it is not very scalable [70].
With use of text mining, including natural language processing (NLP) strategies, the
automatization of data extraction from EHR is currently in development [71, 72]. This
technique can be divided into rule-based NLP, a system based on a coded set of rules
for data extraction, and machine-learning-based NLP, a system based on a statistical
learning algorithm that identifies the relevant context based on annotated training data
[72]. Automated techniques, including machine learning algorithms, natural language
processing software with sentiment analysis, are already used to analyze large social
media datasets [38, 39, 73]. And with this, social media studies may develop into a fast
method to collect patient experiences and add information to PROs [38].The challenge
in the field of NLP is generating an algorithm that is specific and precise enough to fit
the heterogenous sources by rule-based or machine learning [74]. Furthermore, when
datasets have sufficient quality and quantity, ultimately, AI can be used for pattern

recognition in the rich and complex data to evaluate specific cancer treatments [65].
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4.4 Privacy

With these constantly growing sources of patient data, it remains fundamental to
protect the privacy of the patients. In the European Union (EU) patient data is protected
by the General Data Protection Regulation (GDPR). And, in line, performing research
with RWD should always be accompanied with the appropriate consents, anonymiza-
tion or pseudonymisation of the data and data handling should only be performed by
trained and qualified personnel [2]. However, the current privacy- and data regulations
also hinder optimal reuse of these valuable real-world data, due to, e.g., hurdles on
gaining access to data [75]. Therefore, the individual right of data privacy competes
with the populations’ right on (cancer) treatment improvements that could be enabled
with these RWD [2]. New types of consent from patients, for example, the proposal
on data altruism, in the proposed Data Governance Act of the EU, in which patients
voluntarily make their data available for scientific and public purposes, could be an

outcome for this barrier [75, 76].

5. Conclusion

The amount of RWD available on oncologic patients and their disease and treatment
trajectory has significantly grown. This manuscript showed a non-exhaustive overview
of the current practice and summarized RWD sources as traditional claims data, EHRs
and more recently emerging fields as social media and wearable devices. Data from
these sources are already used to gain insight into a wide field of oncologic treatment
aspects in daily practice, including, effectiveness, pharmacovigilance, and prescribing
patterns and can add relevant data for indication expansion, personalized treatment
choice and cost-effectiveness. We conclude that the field of RWD is rapidly develop-
ing, and more harmonized and complete sources, smarter connections between data
sources, use of artificial intelligence on several levels, and improvement of patient

privacy legislation can even further enhance the insights generated with RWD.
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