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General introduction






GENERAL INTRODUCTION

General introduction

In the Netherlands, every year, approximately 120,000 people are diagnosed with cancer,
600,000 live with cancer, and approximately 45,000 patients die from cancer making it
the most common cause of death. Also, both the incidence and absolute cancer related
mortality are still rising, since the aging population and higher obesity prevalence are
putting people at significant risk for cancer. Though overall survival is improving [1].
Furthermore, the costs related to cancer care in the Netherlands are high and rising,
and currently estimated at 6.5 billion euro’s yearly [2]. Making the development and

use of (cost-)effective treatments a continuously pressing topic.

A significant proportion of all cancer patients receives systemic cancer therapy with
anti-cancer drugs either as curative or palliative treatment, however exact numbers
are unknown. Since 1940, chemotherapeutic antitumor drugs have become available
and are known for their toxicity to non-cancerous tissue and the occurrence of drug
resistance. Targeted therapies are designed to target mutations in the pathways of
specific tumor cell types and include for example, tyrosine kinase inhibitors (TKIs)
and monoclonal antibodies (MABs) [3]. Approval of the first MAB, rituximab, was
in 1997, and the first TKI, imatinib, followed in 2001 [3, 4]. Onwards, the MABs
were directed towards T-cell protein receptors and tumor antigens downregulating
the immune response, creating the immune checkpoint inhibitors (ICI), of which
ipilimumab was the first in 2011 [3]. All these innovations in cancer treatments have
resulted in 196 approved anticancer drugs by the European Medicines Agency (EMA)
in November 2022 [5].

For decades, the randomized controlled trial (RCT) has been the basis of the marketing
access of anticancer agents. RCTs can be characterized by their strict patient in- and
exclusion criteria, and highly protocolized treatment regimens and rigid statistical
analysis plans. As the blinding and randomization further reduce the chance of bias,
this method has become the golden standard to investigate treatment efficacy and safety
before granting marketing access [6-8]. However, RCTs have limited external validity,
as the in- and exclusion criteria are strict, and therefore may result in a highly selected
patient population, not representative for the patient population in clinical practice
[9]. Furthermore, as the unmet medical need of patients with cancer remains, new
treatments often receive faster marketing approval through the conditional marketing

approval pathway of the EMA. These approvals are often initially based on surrogate
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end-points as progression-free survival, recurrence-free survival or response rates, all
not always good predictors for overall survival [10, 11]. Regarding treatment safety,
rare or long-term safety outcomes may be undetected during the trial period. Further-
more, it is not uncommon that new anti-cancer drugs show moderate improvements
of overall survival only, that disappear if patients in clinical practice differ from those
included in RCTs. More concrete, 40% of oncologic drugs with an orphan designation
authorized between 2000 and 2017 did not show any clinically relevant gain in overall
survival [12]. And, even though the RCT is the golden standard, there is a trend that
initial registration trials only have a single-arm and a non-randomized cohort design
[13]. Therefore, results from the registration trials are not always representative for
the effectiveness of anticancer treatments in clinical practice, thus a knowledge gap

remains.

Real-world data (RWD) are defined as all observatory healthcare data not collected
in conventional trials, and in contrary to trials, RWD are generated in daily practice
[14, 15]. Even though RWD are not new, the interest in RWD to generate real-world
evidence, increased significantly in recent years, since they comprehend the valuable
information needed to complement trial results [16]. RWD have the potential to gain
insights in patients, their characteristics, treatments and outcomes in clinical practice.
All of these are important variables since both individual patient characteristics
and specific treatment details can influence the overall outcomes. This is extremely
relevant in the field of cancer treatments, as the treatments usually enter the market
with limited evidence from clinical studies, but also since the number of treatment
options are rapidly expanding and treatments come with high costs [17]. Therefore,
being able to determine which patients might or might not benefit (most) from a
specific treatment, and if treatments are really cost-effective in clinical practice is of
high importance [18]. Therefore, continuously generated RWD have the potential to
be used for the evaluation of new therapies and to establish whether efficacy depends

on certain patient characteristics.

The electronic health record (EHR) is the hospitals’ digital version of the once paper
patient files. In the EHR a vast amount of RWD is stored. Initially, EHRs were used
purely for billing purposes, but the function and functionalities have widely expanded
and now it is used, e.g., to keep track of patients’ health information, test results,
decision supports, and communication with healthcare partners [19]. As a result, EHRs

contain longitudinal data on patients, their diseases and treatments collected during
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routine care, especially on cancer patients, which frequently visit the hospital [20].
One part of the data is stored structurally in the EHR, including the demographics,
laboratory data, medication orders and vital signs of patients. However, 80% of the
information is stored in unstructured data - free-text notes, including visit summaries
and correspondence - and these notes contain valuable details and nuances on a
patients’ treatment trajectory [21, 22]. As these notes are unstructured, manual chart
review is still the standard method of data extraction, but this is time-consuming,
laborious, and error- prone [21, 23, 24]. Since, this method cannot be implemented
on a large scale to systematically review cancer treatments, a more advanced data

collection method is warranted.

Text mining is a general term for a wide range of techniques that are used for informa-
tion extraction of data from files with unstructured text. Natural language processing
is the most important one, since it can be implemented to parse, segment, extract,
or analyze text data. The specific algorithms used can be divided into 1) rule-based
algorithms that are manually comprised, based on knowledge of the field and the
expected used terminology, and 2) statistical-based algorithms, where the algorithm
is trained based on large datasets with machine learning [24-27]. Text mining has
been implemented in many other fields to capture data from text, however, until now
the use of text mining of EHRs has been limited [28, 29]. We hypothesize that text
mining has a high potential to improve the efficiency of data capture from EHR, and

therefore the collection of RWD on cancer treatments.

Aim and outline of this thesis

The general aim of this thesis is to investigate if a text-mining tool is suitable for the
collection of real-world data from EHRs to evaluate cancer treatments in clinical
practice. More specific, we aim to investigate, first, if it is possible to capture data on
cancer treatments with the same accuracy as manual review by text mining the EHR.
And second, if text mining can be applied to evaluate a variety of aspects of cancer
treatments in clinical practice, including treatment patterns, effectiveness, adverse

events and guideline adherence.
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Part I: Methods for real-world data collection

First, in Chapter 2, we will provide an overview of the current state of the use of real-
world data. In this chapter all commonly used real-world data sources will be summa-
rized, and we will reflect on the strengths and limitations of each source. Furthermore,
we summarize the different aspects of oncologic treatments that can be reviewed
with these data as the real-world effectiveness, adverse events, cost-effectiveness and
treatment utilization patterns. In Chapter 3 we will validate the text-mining tool CTcue
for data collection from EHRs by performing a study in a population of renal cell

carcinoma patients and compare these data with results of a manual data collection.

Part 2: Real-world treatment patterns and effectiveness

The focus of part 2 of this thesis will be on the application of text mining EHR to study
treatment effectiveness and treatment patterns. In Chapter 4 we will apply the validated
tool from chapter 3 in an additional hospital and summarize the treatment patterns
and the first-line effectiveness results of a metastatic renal cell carcinoma population.
Next, based on the rule-based queries from chapter 4, the treatment patterns and
effectiveness of population of patients with metastatic hepatocellular carcinoma will
be studied in Chapter 5. Since hepatocellular carcinoma has many known potential
prognostic factors, these are added in this study, to further investigate which patients

are most likely to benefit from treatment.

Part 3: Real-world treatment safety

Part 3 includes three chapters regarding the safety of treatments in clinical practice.
Compared to palliative treatments, the acceptance of adverse events is lower for
adjuvant treatments in the curative setting. Therefore, we will investigate in Chapter
6 the tolerability, safety, and preliminary efficacy of adjuvant melanoma treatments.
Furthermore, some adverse events are severe but can be prevented with prophylactic
treatment. An example is the occurrence of febrile neutropenia during certain types of
breast cancer treatments. This can be prevented by use of granulocyte colony-stimulating
factors (G-CSFs), which is indicated for a high-risk and intermediate risk group. In
Chapter 7 we will evaluate with text mining whether G-CSFs are applied according to
the guideline. At last, we use the data-extraction method to fast discover the severity of
adverse events of a potential treatment of Covid-19. In Chapter 8 we react on a signal
that the treatment of Covid-19 with remdesivir could result in renal- and liver damage

and investigate the changes in renal- and liver function after treatment initiation.
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Part IV: General discussion, summaries and appendix

This thesis will conclude with a general discussion on future perspectives in Chapter
9, and summaries in English and Dutch are provided in Chapter 10. Table 1.1 gives
an overview of the investigated topics per chapter illustrating overlap and differences

between studies.

Table 1.1. Overview of topics per chapter

Chapter 2 3 4 5 6 7 8

Type of study
Review .
Original study ° ° ° . ° .

Study topics
Method validation °
Treatment effectiveness ° . °
Treatment safety ° . ° .
Treatment patterns . °
Treatment tolerability .
Guideline adherence
Prognostic factors °

Disease
Renal cell carcinoma ° .
Hepatocellular carcinoma °
Melanoma °
Breast cancer .
Covid-19 °

Treatments
Immune checkpoint inhibitors . °
Tyrosine kinase inhibitors . °
Chemotherapy
Granulocyte-colony stimulating factors
Antiviral treatment L4
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