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Abstract

The evaluation of new drugs from medicines authorisation and reimbursement
reports is a time-consuming process. Efficient strategies for identification and
extraction of information from these reports would benefit the evaluation sig-
nificantly. Due to the unstructured nature of the reports, automatic extraction
of information is challenging. In this thesis, we propose an information extrac-
tion method based on regular expressions to automatically extract information
from the reimbursement reports. We showed that the developed information
extraction method is able to achieve high performance, with an overall F-score
of 0.87. Finally, we discuss how the performance of the information extraction
method can be improved in future research.
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1 Introduction

Information extraction (IE) has been a continuously growing research field in re-
cent decades, owing to its effectiveness in a wide range of application areas (1).
One specific area in which automatic IE could improve research significantly,
but is not yet applied, is the domain of health policy research, specifically the
evaluation of new drugs from medicines authorisation and reimbursement re-
ports.

The European Medicines Agency (EMA) is an agency of the European Union
(EU) in charge of the evaluation and supervision of medicinal products (2). Af-
ter approval of the EMA a drug may be administered to patients. Because new
drugs are often expensive, national healthcare systems cannot afford to pay for
all of them. National public organizations known as ‘reimbursement organiza-
tions’ analyze whether the benefits of medications outweigh their costs in order
to determine which medications should be paid for. The usage of a drug will be
determined by incremental clinically significant effects relative to other treat-
ments presently available. The willingness or ability to pay for the drug, as well
as insurance coverage, are also important factors determining the use of a drug.
The process of clinical and economic value assessment is formalized in Europe
through evaluations by Health Technology Assessment (HTA) bodies. The Na-
tional Health Care Institute (Zorginstituut Nederland, ZIN) is the responsible
body in the Netherlands (3). The decision-making process for the evaluation of
drug applications is complex. Based on the assessment of non-clinical, clinical,
and quality data submitted by the pharmaceutical industry, regulators have to
make sure that only products with a positive benefit-risk balance are brought
to the public (4). In some cases the EMA conditionally approves drugs based
on a less comprehensive evidence package to allow timely access to novel drugs
when the immediate availability of the drug outweighs the risks associated with
the less complete evidence package. The benefit-risk balance stil needs to be
positive, however given the drug’s potential to treat unmet medical needs, addi-
tional uncertainty may be tolerated for conditionally approval (5). These drugs
are of particular interest for health policy research because the greater uncer-
tainty associated with these drugs means there is a bigger risk of making a
wrong decision. Regulatory authorities and reimbursement organizations pub-
lish their assessment reports for each drug online. Researchers analyze these
reports in a complex and inefficient manner. Data is extracted from each report
manually, and the raw data is transformed to data that is suitable for analy-
sis. This is a time-consuming process that is also prone to human error. As a
result, a second researcher frequently duplicates the data extraction and modi-
fication, putting additional demand on resources. Individual researchers spend
many hours personally locating, obtaining, and analyzing the data contained
in these publicly available reports (6). Manual extraction is time consuming
and expensive. Furthermore, readily adaptable information technologies exist
to automate and reliably extract this type of information from free-text data.

To address the aforementioned concerns regarding the process of evaluating
drug reports, the objective of this thesis is to automate knowledge extraction



from the reimbursement reports. More precisely, we developed an IE method
based on a limited set of rules and regular expressions to extract information re-
lated to the drug. As a result health policy research will be less time-consuming
and more accurate, which in turn will lead to more efficient evaluations and
more appropriate decisions regarding the approval and reimbursement of new
and expensive medicines.



2 Preliminaries

2.1 Regular expressions

A regular expression (shortened as regex) is a specific kind of text pattern that
you can use with many modern applications and programming languages. You
can use them to verify whether input fits into the text pattern, to find text
that matches the pattern within a larger body of text, to replace text matching
the pattern with other text or rearranged bits of the matched text and to split
a block of text into a list of subtexts (7). A regular expression is a sequence
of characters that defines a search pattern. The set of strings matched by the
regular expression is a language. A regular expression R; represents a language
L(R) over an alphabet ¥, where L(R) is a (possibly infinite) set of strings. For
a given language, there are many regular expressions that can describe it (8).

An overview of common regexes is shown in Table 1. Next, we discuss some of
these regexes.

Alternation in regexes enables matching with multiple sub-expressions. For
example, [drug|medicine] will match an input string with drug or medicine or
both. Quantifiers in regexes allow for a sub-expression to be used a varying
number of times while matching. The most common quantifier is the zero or
more quantifier denoted by a star [*]. This quantifier allows to match the sub-
expression zero or more times in succession while matching. For example, for
a regex [drug*] matches the string made up of any number of ‘drug’s. Other
quantifiers are the question mark, a zero or once quantifier and plus, an once or
more quantifier. Quantifiers can be either greedy or lazy. A greedy quantifier
matches the longest possible string and a lazy quantifier the shortest. For ex-
ample, the greedy expression [h.+1] matches ‘hell’ in ‘hello’, but the lazy [h.+7]]
matches only ‘hel’. The question mark is used as lazy quantifier. A character
class can be negated so that it matches any single symbol not in the original
character class. This is done by adding a caret symbol “. For example, ["abc]
will match any single symbol, except for a, b or c. Lookaround assertions al-
low for the placement of restrictions on prefixis or suffixes starting or ending at
specific positions in the input string. There are four main types of lookaround
assertions, positive or negative lookahead or lookbehind. For example, the posi-
tive lookahead ([A(? = B)], find expression A where expression B follows). The
positive lookbehind ([(? <= B)A], find expression A where expression B pre-
cedes) syntaxes. The negative function similarly as the positive counterparts,
but instead assert that the sub-expression should not match a prefix or suffix
at some position (7; 9).

When combining different metacharachters and ordinary charachters complex
regexes can be created. For example, [a-zA-Z0-9]+, matches one to infinete
characters and numbers. Another example of a more complex regular expression
is (\W|~) [\w.\-1{0,25}@(yahoo |hotmail |gmail)\.com(\W|$). This regex



matches any email adress from the domains yahoo.com, hotmail.com, and gmail.com.

A regular expression that can be used for checking if a given set of characters is

any email address or not is ~ ([a-zA-Z0-9_\-\.1+)@([a-zA-Z0-9_\-\.]1+)\. ([a-zA-Z]{2,5})$.
These are some examples that illustrate the large amount of possibilities some-

one has with regular expressions.

Table 1: List of common regular expression

Metacharacter Description Metacharacter Description

. Any character except newline ) Start of string

a The character a $ End of string

ab The string ab (7=...) Positive lookahead

alb aorb (7...) Negative lookahead

a* 0 or more a’s (7<=...) Positive lookbehind
Escapes a special character (7<) Negative lookbehind

[ab-d] One character of: a, b, ¢, d * 0 or more

[db-d] One character except: a, b, ¢, d + 1 or more

Nb/ Backspace character ? Oorl

\d One digit {2} Exactly 2

\D One non-digit {2, 5} Between 2 and 5

\s One whitespace {2,} 2 or more

\S One non-whitespace {,5 Upto b

\w One word character \b Word boundary

\wW One non-word character \B Non-word boundary

2.2 Regular expression operation

Python has a built-in package called re!, which can be used to work with Regular
Expressions (Table 2). The re module offers a set of functions that allows to
search a string for a match. One of the functions, named findall, returns all
non-overlapping matches of pattern in a string, as a list of strings. The string
is scanned left-to-right, and matches are returned in the order found. If one
or more groups are present in the pattern, return a list of groups; this will be
a list of tuples if the pattern has more than one group. Empty matches are
included in the result. The function findall is used in our IE method, to capture
all outcomes of the regex patterns.

Ire - Regular expression operations. https://docs.python.org/3/library/re.html



re.findall(pattern, str)

Sr. No. | Parameter and description

1 pattern: this is the regular expression to be matched.
str: this is the string, which would be searched

to match the pattern at the beginning of string.

2

Table 2: The Findall function.

2.3 Performance measurements

Performance of the information extraction algorithm is measured by precision,
recall, accuracy and the F-score. Precision (positive predictive value) is the
fraction of relevant information among the retrieved information, while recall
(sensitivity) is the fraction of relevant information that were retrieved. Both
precision and recall are therefore based on relevance. Precision is calculated
by dividing the number of correct information element instances extracted by
the algorithm (true positives), when compared to the reference standard, by
the total number of information element instances extracted (true positives and
false positives) [Eq. (1)]. Recall is calculated by dividing the number of correct
information element instances extracted by the total number of information ele-
ment instances existing. (true positives and false negatives) [Eq. (2)]. Accuracy
is calculated by dividing the number of correct information element instances
extracted by the total number of items reviewed [Eq. (3)]. The F-score is
the harmonic mean of the precision and recall [Eq. (4)]. The highest possible
value of an F-score is 1.0, indicating perfect precision and recall, and the lowest
possible value is 0, if either the precision or the recall is zero.

number of correct information element instances extracted

P= (1)

total number of information element instances extracted

number of correct in formation element instances extracted
total number of in formation element instances existing

number of correct information element instances extracted

A:

total number of items reviewed

2 x (precision * recall)

F — score = —
(precision + recall)



3 Literature overview

Information Extraction (IE) is the process of extracting specific (pre-specified)
information from textual sources. The goal of IE is to offer a structured repre-
sentation of the retrieved data from examined text (10). IE involves the ability
to extract relevant information from unstructured data without having to man-
ually search through a large volume of data for the exact information needed
(11). Users define the information to be extracted, which includes predefined
concepts of interest, associated entities, and relationships between entities and
events (12).

Numerous research efforts have been conducted for IE in various domains (13;
14; 15). Named entity recognition (NER), attribute extraction, relation extrac-
tion and event extraction are four primary foci of IE research. Event extraction
aims to extract instances of multiple concepts (16). The other primary foci aim
at extracting instances of a single concept or of two related concepts (17).

Natural language processing (NLP) approach

Most of the IE methods make use of Natural language processing (NLP). NLP is
a range of computational techniques for the automatic analysis and representa-
tion of human language (18). NLP entails obtaining information on how humans
comprehend and utilize language. This is done in order to develop appropriate
techniques that will allow computer systems to comprehend and modify natural
languages in order to accomplish a variety of desired tasks. (19). NLP has been
used for wide range of tasks, including information retrieval (IR) and informa-
tion extraction (IE) (18). NLP employs a variety of knowledge representations,
including a lexicon of words, their meanings, and grammatical characteristics, a
collection of grammar rules, and, in certain cases, additional resources such as
an ontology (20). Frequently used NLP techniques include tokenizing, sentence
splitting, part of speech (POS) tagging, named entity recognition (NER) and
entity linkage (21).

Named-entity recognition and entity linkage

Named entity recognition (NER), also known as named-entity indentification
(NEI), addresses the problem of identification and classification of predefined
concepts. NER is a frequently used technique in previously conducted medica-
tion extraction studies (22; 23; 24; 25). NER is an IE subtask that organizes
and locates named entities referenced in unstructured text into pre-defined cat-
egories, such as dates, persons, organizations, places, etc. NER is followed by
entity linkage. Entity linkage is the task of assigning a unique identity to entities
mentioned in text. For example, given the sentence ‘Amsterdam is the capital
of The Netherlands’, the expected output of an entity linkage system would be
‘Amsterdam’ and ‘The Netherlands’. Linking of entities is normally performed
through an ontology, which encompasses a representation, formal naming and
definition of the relations between entities. After entity linkage, relation extrac-
tion can be performed to extract the required pre-defined information.



Tikk and Solt (22) applied a NER based approach a medication extraction
challenge, in which medication names together with details of their administra-
tion were to be extracted from medical discharge summaries. They decomposed
the medication extraction problem into three subtasks: NER, filtering and rela-
tion extraction. For this they developed a rule based NER based on dictionaries
and manually created regular expressions. Filtering was performed by a context-
aware rule based approach. They partitioned discharge summaries into zones
and negative statements were removed. They achieved an entry level F-score of
80 % for exact and inexact matching for both approaches.

Regular expressions

Despite the fact that several machine learning techniques for IE have been pro-
posed in recent years, manually generated regular expressions remain a com-
monly used practical option for IE (26). Regular expression is a common tech-
nique for providing an interpretable answer to text categorization among various
rule-based approaches. Regular expressions are the key to powerful, flexible,
and efficient text processing. By using regular expressions a large class of entity
extraction tasks can be accomplished. The technique has been used in many
Natural Language Processing (NLP) studies. Regular expressions are created
manually by experts with domain knowledge in the majority of these studies
(27). Manually created regular expressions can achieve high recall and preci-
sion. However, the manual construction regular expressions that guarantee a
high performance on these measurements is a tedious manual task and requires
expert knowledge. Therefore, multiple approaches have been proposed that au-
tomatically infers regular expressions from a set of sample entities (26; 28; 29).
It learns effective regular expressions that can be easily interpreted and modified
by a user.

In biomedical research regular expressions have been widely used for IE in
recent years (30; 31; 32). These studies showed that regular expression based
approaches can achieve high performance. A simple algorithm using regular
expressions to detect systemic treatments administered to patients was created
by Maguire and colleagues (31). As a result of the algorithm considerable time
was saved compared to manual review. Garvin and colleagues (32) successfully
extracted information on left ventricular ejection fraction from echo-cardiogram
reports using a set of regular expressions, with a F-score higher than 99%.

Rule-based approach vs machine-learning approach

IE approaches can be classified as rule-based or machine-learning, depending on
whether domain experts create the rules or a machine learns them automatically.
The rule-based approach establishes rules for extracting specified information
using domain knowledge and matching with extraction rules to retrieve rele-
vant information. Because the extraction rules are developed manually, the
rule-based technique has a relatively high accuracy in extracting text informa-
tion, but it is time intensive and requires great effort to develop the rules. The
machine-learning approach, on the other hand, is a method of automatically
generating extraction rules by teaching a computer to recognize specific pat-

10



terns in text documents. However, if the amount of training data available in
a given domain is insufficient, the accuracy of the machine-learning approach
may be compromised. To put it another way, if the IE is done with machine
learning without enough training data, the accuracy and dependability of the
IE outcomes will be poorer than with the rule-based approach (21).

In this thesis, we used an unsupervised regular expression and rule-based IE
approach. The main reason for choosing a rule-based approach is the diffi-
culty of securing sufficient data for machine learning. Only a limited number
of reimbursement reports were available as data for this thesis. Furthermore,
rule-based approach can achieve high accuracy in extracting text information
and are easy to adopt. Regular expressions can express a wide range of pat-
terns. As a result regular expression based approaches are able to cover almost
all instances of a specific concept to extract in free text. Due to the versatil-
ity of the regular expression it is widely used in text processing and parsing.
Because of the heterogeneous nature of the reports used in this thesis, regular
expressions can be of great value to extract the required information. Carefully
constructed regular expressions can achieve high recall and precision. In our
approach automatic-extraction rules and regular expression patterns were man-
ually developed. Patterns of the occurrence of information in a sample of the
available reports were analysed with the use of domain knowledge to create the
regular expressions. Together with the rule based approach the required infor-
mation was extracted. The developed method showed some promising results,
with a high overall F-score of 0.87.

3.1 Research question

How to automatically extract knowledge from medicines authorization and re-
imbursement report to improve health policy research?

11



4 Methods

4.1 Data description

The data used in this thesis consists of a set of 22 Health Technology Assessment
(HTA) reports from the Dutch National Health Care Institute (Zorginstituut
Nederland, ZIN). The HTA reports were stored in Portable Document Format
(PDF) files. Only reports regarding conditionally approved drugs were included.
The reports contain the substantive assessment of the therapeutic value of the
conditionally approved drugs. The length of the reports differed between 18
and 265 pages. ZIN systematically publishes full initial HTA reports and re-
assessment reports on their websites. HTA reports were retrieved by searching
agencies’ websites for the drug generic and brand name. HTA reports were
included from the first report until the most recent published reports, between
2006 and 2016. Vaccines were excluded, because HTA organizations assess vac-
cines differently from other drugs.

In this thesis different terms are used to refer to the used data: ‘data’, ‘docu-
ments’ and ‘reports’. They are interchangeable.

4.2 Ethical and legal considerations of the data

Sources of the data used in this thesis include real-world data, clinical trials and
adverse drug reaction reports. Data used in this thesis consists of aggregated
information. No individual data is used. The data are freely available for
downloading from the website of ZIN. Thus, all data is public and does not
relate to individual patients.

4.3 Problem definition

We have a set of documents D = {Dy,...,D,}. A document D; is a sequence
of syntactically correct sentences. An attribute (or feature) A; can be seen as
a data field that represent the characteristics or features of a data object. An
attribute A; comes with a corresponding value v;. The values v and correspond-
ing attributes A can be found in the documents D. Given a document D;, the
challenge is to extract the required value v;, corresponding to the given attribute
A;. The required attributes A to extract are pre-defined by a domain expert
and are shown in Table 3. As the documents D are heterogeneous of nature,
the task of extracting the required values v is difficult.

To address this challenge, we constructed an information extraction (IE) method
based on regular expression patterns, and consequently extracted the attributes
values v from the documents D.

4.4 Data to extract

In total 7 attributes A = {A, ..., A7} were pre-defined by a domain expert
to extract the corresponding values v from the documents D. The attributes

12



consists of the generic drug name, Ay, the brand drug name, Ag4,, the date of
the HTA report, Agqte, the indication of the drug, A;,q, the orphan status of
the drug, A,s, the trial name in which the drug is investigated, A;,, and the
therapeutic value outcome of the drug, A;,. The attributes and a description
of the attributes are listed in Table 3.

Table 3: Pre-defined attributes

Attributes Description Values to extract
Generic name Generic name of the drug. Name

Brand name Brand name of the drug Name

Date of HTA report Date the HTA report is publiced. Date

Indication The registered indication of the drug. Sentence

Orphan status The orphan status of the drug. "Yes’ or "No’
Trial name Name of the pivotal trial. Name
Therapeutic value The therapeutic value of the drug. Sentence.

4.5 Objective F-score

The objective of the developed method is to reach a minimum F-score of 0.3.

4.6 Algorithm overview

In our IE method, we first preprocessed the documents by identifying tables and
extracting text. Then we created a regular expression (regex) based pattern to
identify the information from the text, finally we extracted the information us-
ing a rule based approach.

Figure 1 shows an overview of the IE method. Figure 2 illustrates an example
of the information extraction method. The IE method is explained into more
detail in the next sections.

4.6.1 Table identification

Data was available as a set of documents D = {Dq,..., D,,} in Portable Doc-
ument Format (PDF) files. Tables were identified from the documents using
tabula-py?. The tables were stored as CSV files. For each document D; multi-
ple tables {T p;, Tapi, ---, Tnpi} were identified (Fig. 1(A))).

4.6.2 Text extraction

The text was extracted from the documents D using PDFMiner?. The docu-
ments D in PDF format were converted into a list of strings S. Each string S;

2A. Ariga. tabula-py. Version 2.2.0. https://pypi.org/project/tabula-py/
3Y. Shinyama. PDFMiner. Version 20191125. https://pypi.org/project/pdfminer/
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Figure 1: Overview of the information extraction method.

represented one document D; (Fig. 1(B) and 2(B)).

4.6.3 Section extraction

Because of the general nature of some of the required values v to extract, a
particular section P; was extracted first and used as a filter (Figure 1, C). Section
extraction was performed using regular expression patterns that identified the
section by paragraph headers or specific words. After identification of the section
header, a number of sentences after the matched pattern were extracted from the
text with the syntax ([name of section header]) ([".1*\.([".1*\.){n}).
To be certain that the complete section is extracted, a large number of sentences
after the header were extracted. Then, the extracted section P; was used to
extract the required value v; (Fig. 1(C) and 2(C)).
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Original text in document (PDF)

OATP1B3. In combinatie met Inductoren van UGT1A9 (bijv. rifampicine) of
substraten van OAT1, OAT3 of OATP1B3 (bijv. oseltamivir, aciclovir, ciprofloxacine,
captopril, furosemide, bumetanide, valsartan, pravastatine, rosuvastatine,
atorvastatine) is voorzichtigheid geboden.

Eindconclusie therapeutische waarde

Ataluren heeft bij de behandeling van ambulante patiénten vanaf 5 jaar met
nmDMD [in vergelijking met placebo toegevoegd aan best ondersteunende zorg]
een therapeutische minderwaarde vanwege onvoldoende bewljs.

Uit de cruciale uitkomstmaat, de gepoolde 6MWD, blijkt, uitgaande van een
minimaal klinisch relevant verschil (MID) van 30 m (de puntschatter Is kleiner dan
de MID), dat ataluren de kans op achteruitgang van de 6MWD mogelijk niet of
nauwelijks verlaagt.

B. Text extraction

PDF Miner

Extracted text (string)

"OATP1B3. In combinatie met inductoren van UGT1A9 (bijv. rifampicine) of substraten
van OAT1, OAT3 of OATP1B3 (bijv. oseltamivir, aciclovir, ciprofloxacine, captopril,
furosemide, bumetanide, valsartan, pravastatine, rosuvastatine, atorvastatine) is
voorzichtigheid geboden.

Eindconclusie therapeutische waarde

Ataluren heeft bij de behandeling van ambulante patiénten vanaf 5 jaar met nmDMD [in
vergelijking met placebo toegevoegd aan best ondersteunende zorg] een therapeutische
minderwaarde vanwege onvoldoende bewijs.

Uit de cruciale uitkomstmaat, de gepoolde 6MWD, blijkt, uitgaande van een minimaal
klinisch relevant verschil (MID) van 30 m (de puntschatter is kleiner dan de MID), dat
ataluren de kans op achteruitgang van de 6MWD mogelijk niet of nauwelijks verlaagt."

C. Section extraction

Regular expression pattern(1)

Extracted section (string)

'Eindconclusie therapeutische waarde
JAtaluren heeft bij de behandeling van ambulante patiénten vanaf 5 jaar

Extracted information (value)

"Ataluren heeft bij de behandeling van ambulante

patiénten vanaf 5 jaar met nmDMD [in vergelijking

met placebo toegevoegd aan best ondersteunende

zorg] een therapeutische minderwaarde vanwege
onvoldoende bewijs."

Rules

E. Rule based
information
extraction

Matched pattern (string)

['Ataluren heeft bij de behandeling van ambulante patiénten vanaf 5 jaar
imet nmDMD [in vergelijking met placebo toegevoegd aan best
londersteunende zorg] een therapeutische minderwaarde vanwege
onvoldoende bewijs."

D. Pattern matching

met nmDMD [in vergelijking met placebo toegevoegd aan best
ondersteunende zorg] een therapeutische minderwaarde vanwege
lonvoldoende bewijs."

Regular expressions used in this example:

(1) R;, = (conclusie therapeutische waarde([~.]*\.([".1%*\.){10}))

(2) Ry, = ([".]1*\smeerwaarde.?\s[~.]*|[~.]*\sminderwaarde.?\s[".]*
| [".1*\sgelijke waarde.?\s[~.]*|[~.]*\sgelijke therapeutische.?\s[~.]*)

Regular expression pattern (2)

Figure 2: Illustrative example applying the proposed information extraction

methodology
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\d = one digit » -
|\d? = zero or one digitl iSi=ons wh|tespace|

A A

Rd — (|\d\dj Sl[a_ZA—ZO—9] +H\S|\d{4}H d{4}ziz>i<§ctly4

—

[a-zA-Z0-9]+ = one to infinite characters
and numbers

\ = escapes a special
character

Figure 3: Regular expression of date parsed.

4.6.4 Regular expression based patterns

Five documents { Dy, ..., D5} were randomly selected from the dataset D. These
documents were manually analyzed to create the patterns R in Python gram-
mar, using regular expressions. Multiple patterns were used for the extraction
of the required values v; (Fig. 1(D) and 2(D)). The patterns are hand-crafted
and domain knowledge was used to develop them. Table 4 gives an overview of
all the patterns used.

Patterns R were based on the (1) structure, (2) context or (3) exact matching
of the information to extract.

(1) Structure based regular expressions

The options to create patterns R with regular expression are numerous. Regu-
lar expressions can capture a wide range of possible character and/or number
combinations. Therefore, regular expressions can be used to extract values v
with a specific structure.

A structure based pattern was used to extract the value of the attribute date,
Agdate- A date has a specific structure, with one or two digits (day), followed by
the name of the month or one or two digits that represent a month, and ending
with four digits (year). A pattern was created that represented this particular
date structure [R4]. In figure 3 the different components of the pattern are
showed and explained.

(2) Context based reqular expressions

To correctly extract the required value v; from the documents, the context in
which the value is located can be used. First the context of the value was
indentified, then the value was extracted. Regular expressions offer multiple
ways to extract values from surrounding areas, often using positive lookahead
([A(? = B)], find expression A where expression B follows), and lookbehind

16



([(? <= B)A4], find expression A where expression B precedes) syntaxes.

For example, the context was used to create a pattern for the attribute in-
dication, A;,4. Based on a specific word combination that was always followed

by the required value, v;,4, the value could be extracted easily. The sentence
after the specific word combination was extracted by the following pattern:

R;nq = Geregistreerde indicatie.?([~.]*\.[".]*),in which ([*.1*\.[".]1%)
extracts the sentence.

A second example of a context based pattern is the value extraction v; for
the attributes generic name Ag, and brand name Ay,. Multiple patterns with
different word combinations were used. The generic name was always followed
by the brand name; this information was used to extract both names at the same
time. The text between the multiple word combinations was extracted in order
to succesfully extract the required values. One of the three used patterns is the
following: Rg,1 = (?<=Farmacotherapeutisch rapport\s).*(?=\sbij de
indicatielbij de behandeling|voor de behandeling), in which [¥], means
one or more and [|] represents a ‘or’ operator.

(3) Ezact matching based reqular expressions
Exact matching, in which the pattern is the exact match of the values v; to
extract, can be used to identify and extract the required value.

An example of exact matching is the pattern created for the attribute ther-
apeutic value outcome Ay,. To extract the therapeutic value outcome vy,

a pattern was created based on synonyms of the possible outcomes: R;,; =
([".]*\smeerwaarde.?\s[".]*|[".]*\sminderwaarde.?\s[".]*

| [*.]1*\sgelijke waarde.?\s[~.]*|[~.]*\sgelijke therapeutische.?\s[".]*).
The sentence around the outcome was extracted with the syntax: ([~.]*).

Table 4 gives an overview of all used patterns, except for the patterns that
were used for section extraction (Appendix C).

4.6.5 Rule development

To correctly extract the required values v, rules were created (Fig. 1(E) and
2(E)). The majority of the rules were based on ‘If...Else’ statements. For some
attributes, multiple patterns were used to extract information. To use the mul-
tiple patterns in a specific order, ‘If...Else’ statements were used. The first
pattern was identified first, if no result (no match) was found, then the second
pattern was identified, and so on. As a result, multiple patterns could be used
for one attribute A; to extract the corresponding v; in a document D,.

Indexing

For some attributes A, the first or last match of the pattern in the documents
had to be extracted. For this, ‘If...Else’ statement in combination with indexing
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[n] was used to select the first or last match in the documents. If there was only
one match, the information of that match was extracted.

Negation

To take into account negation, patterns were created to match negated infor-
mation. For example, the attribute orphan status A,s; was extracted based on
exact matching. To exclude matches with negating words, a negated pattern
was used. Again, ‘If...Else’ statements were used to output the correct value
for the orphan status based on the orphan status pattern and negated pattern.
If the negated orphan patterns was matched in the text, the output was ‘no’.
If the orphan pattern is matched in the text, the output is ‘yes’. And, if no
matches are found, then the orphan status output is ‘no’. Listing 1 shows a
general example of rule based extraction in which a negated pattern is used.

Listing 1: Example of rule based extraction. In this example a pattern and a
corresponding negated pattern are used to extract the correct values. ’If...Else’
statement is used to output the correct value corresponding to the found pattern.

patternl = positive pattern
pattern2 = negated pattern
matchl = findall (patternl, str)
match2 = findall (pattern2, str)

if len(match2) !=0: #match with negated pattern
status = ’'no’

elif len(matchl) !=0: #match with positive pattern
status = ’yes’

else: #no match at all
status = ’'no’

Multiple outcomes therapeutic value

For the therapeutic value one or more outcomes were possible to extract. For
different indications of the drug, different outcomes were possible. Therefore,
all possible outcomes were extracted, with the main outcome being extracted
first.

4.7 Gold standard

The information extracted by the developed IE method was compared with
manual review findings (gold standard) for each drug. The manual review was
performed before the start of this thesis. This was done by researchers, which
were domain experts, who evaluated the HTA reports by manually extracting
the desired information from the reports. As manually extracting information
is prone to error, the extraction was duplicated by a second researcher.
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4.8 Evaluation

For our evaluation, we compare the developed IE method to the manual report
analysis by the researchers (the gold standard). The evaluation was performed
manually. Extracted information by the IE method was compared to the gold
standard. True positives, true negatives, false positives and false negatives
were manually reviewed. True positives were defined as correctly extracted
information, compared to the gold standard. Exact matching was required for
considering true positives for the attributes generic name, Agy,, brand name,
Ay, date HTA report, Agate, orphan status, A,s and trial name, A;,. For
the other two attributes, indication, A;,q, and therapeutic value, A;,, inexact
matching was required for true positives. The required matching for inexact
matching was discussed with the domain expert. True negatives were defined as
correct not extracted information, when compared to the gold standard. False
positives were defined as incorrectly extracted information and false negatives
were defined as incorrectly not extracted information.
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5 Results

For the 22 HTA reports of conditionally approved drugs, the proposed method
was able to automatically extract information for all 7 attributes. Our method
extracted information about the generic and brand name of the drug, the indi-
cation of the drug, the date of the report, the orphan status of the drug, the
trial name and the therapeutic value outcome(s).

Table 5 presents evaluation results of our IE method. Overall the F-score was
high, 0.87, calculated over all attributes, which is far above the pre-defined re-
quired F-score of 0.3. The method achieved the highest overall score on recall,
0.90, and lowest score on accuracy, 0.81. The lowest overall score was produced
for extracting the trial name, with a F-score of 0.63. For all other attributes
the method produced a F-score of 0.87 and higher. The method performed best
on extracting the orphan status of a drug, with a score of 0.95 or higher on
all outcome measurements, and a F-score of 0.98. The method achieved high
F-scores for extraction of the generic name and brand name as well, F-scores of
0.95 for both.

Table 5: Performance measurements of the information extraction methods for
the list of attributes

Attributes Precision Recall Accuracy F-score
Generic name 0.95 0.95 0.91 0.95
Brand name 0.95 0.95 0.91 0.95
Date HTA report  0.76 1.00 0.75 0.87
Indication 0.81 0.94 0.77 0.87
Orphan status 0.95 1.00 0.95 0.98
Trial name 0.59 0.67 0.59 0.63
Therapeutic value 0.94 0.81 0.78 0.87
Owverall 0.85 0.90 0.81 0.87

Therapeutic value outcomes

For the therapeutic value more than one outcome was possible, as the out-
come of the therapeutic value could be different for different indications of the
drug. For twelve reports, the majority, one outcome was extracted, for eight
reports two outcomes were extracted, and for four reports three outcomes were
extracted. The performance for the main outcome was good, with a F-score
of 0.87. However, the performance dropped for the second and third outcome,
with F-scores of 0.59 and 0.22 respectively (Table 6).
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Table 6: Performance measurements of the information extraction methods for

the list of attributes

Therapeutic value Precision Recall Accuracy F-score
Main outcome 0.94 0.81 0.78 0.87
Second outcome 0.63 0.55 0.68 0.59
Third outcome 0.25 0.20 0.68 0.22
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6 Discussion

Identifying information in free-text is a challenging task. Scalability, dimension-
ality, and heterogeneity of the unstructured data appear as the main challenges
for automatic information extraction (33). The objective of this thesis was to
automatically extract information from medicine authorisation and reimburse-
ment reports. Therefore, we developed an unsupervised IE method using regular
expressions. The IE method was able to automatically extract information from
the reports with good performance: an overall F-score of 0.87 was achieved (Ta-
ble 5). The development of this method furthers the intention to automatically
extract data from medicine authorisation reports to improve health policy re-
search. This is of great value, because of the time consuming manner the reports
are currently manually evaluated.

To perform IE, several methods are proposed in the literature. Many systems in-
clude NLP and other machine learning methods, developed through supervised
learning techniques (19; 20; 21; 34; 35). For these machine learning approaches
training is needed, which requires large amounts of training data. In this the-
sis, (training) data was not available to that extent. This data will also not
be available in the (near) future, as there are only around 50 drug approvals a
year. Moreover, the pattern based IE method used in this thesis showed some
promising results; NLP methods may not necessarily perform better. NLP re-
quires syntactic parsing, recognition of subject, verbs and objects, and named
entity recognition. These are advanced techniques that require the use of an
ontology. Furthermore, NLP methods have been successfully applied to the
analysis of English texts, but advances in other languages have been limited
by the lack or poor coverage of resources (36). Nonetheless, if more data come
available, the use of NLP techniques should be considered as NLP is the current
state-of-the-art method for accurate information extraction (34).

6.1 Limitations and recommendations for future research

Overall, our developed IE method showed promising results, with high over-
all F-scores (Table 5). Nonetheless, some limitations should be acknowledged.
Next, we will address these limitations and make recommendations for further
research.

The main limitation of this thesis is the generalizability of the IE method;
when applied to another domain or reports that are drafted differently, the per-
formance will probably drop. However, addressing the former, the objective of
this thesis was to develop an IE method that is able to extract information for
specific reimbursement reports, so portability to another domain is of secondary
importance. Nevertheless, the portability to newly differently drafted reimburse
reports is of key importance. For the majority of the patterns a context based
approach and section extraction were used in order to identify the required in-
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formation. In newly drafted reports this context and structure could change.
As a result the performance of the IE method will probably drop. To mitigate
this problem, multiple patterns were developed with a variety of word combina-
tions to identify all required information. Part of the proposed plan for further
development would be to extent the list of word combinations to capture the
information in reports that are drafted differently.

Use of a configuration file

We developed a pattern based IE method using regular expressions. These pat-
terns are manually crafted and required to be pre-defined with the the help of
a domain expert, which is time consuming. Domain experts have knowledge
about the relations and dependence’s of the information to extract. However,
it is challenging for them to express this in form of patterns and translate it to
the algorithm. Using a configuration file could be used to address this problem.
We did not use a configuration file in this thesis, as the algorithm used for the
IE method was hard-coded. However, the use of a configuration file may im-
prove the IE method considerably. To accomplish this, the rules created in the
method should not be embedded, but should be outside of the program. A con-
figuration file defines the parameters, options, settings and preferences applied
to operating systems. The application or system opens and reads the configura-
tion file at the start, when it parses and applies each setting. The configuration
options may be changed while the algorithm stays the same. Because of this, a
domain expert can change settings of the configuration file, without having to
change the algorithm code itself. As the information to extract is required to
be pre-defined by a domain expert, using a configuration file would be of great
value.

Lack of data

Another limitation of this thesis is the lack of data. Only 22 reports were used
for evaluation of the developed IE method, as a result the obtained results
may be unreliable. Furthermore, only seven attributes were investigated during
this thesis. For the complete evaluation of a report a much greater number of
attributes need to be extracted. The number of attributes and amount of vali-
dation data should be extended in future research to improve the power of the
performance of the IE method. Moreover, the IE method was developed based
on 5 sample reports from the total set of 22. The IE method could therefore
be overfitted on the small sample size. However, the evaluation results show us
that the method performed well on new data.

Information extraction from tables and position

Information extraction based on specific position (e.g. page 3 line 10) of infor-
mation could not be performed. The variable nature of the reports made this
task difficult; the reports differed in headers, section, order of sections, content,
length and table formats. Therefore, we were not able to extract information
based on position. In the future the reports will probably remain unstructured.
As a result, extracting information based on position will remain a difficult task.
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Nevertheless, identifying specific sections and patterns in which information is
mentioned could help making extracting information based on position in future
research feasible. For example, the first pages of the reports include the letter
to the Minister of Health of the Netherlands. This information may be used to
extract text based on position.

Table identification was the first step of the developed IE method for infor-
mation extraction. However, the desired result of table identification in order
to extract information was not achieved. As a result information extraction
from tables was not used. The different table layouts, the unstructured text
(table titles, footnotes, etc.) and the nested structure of tables in the reports
added to this challenging task. Alternative methods from the methods used
in this thesis (tabula and camelot) for table extraction should be explored in
order to use the tables for information extraction in further research. Rastan
and collegues (37) propose a table extraction method system which takes a PDF
file and automatically generates a set of XML and CSV files containing the ex-
tracted cells, rows and columns of tables, as well as a complete reading order
analysis of the tables. This extraction method could be a sound method for
table extraction from the data used in this thesis. Although PDF documents
are overlooked in the table extraction field (38), table extraction as part of IE
has been a continuously growing field, and novel methods will probably come
available in the near future.

6.2 Discussing results

The developed IE method performed well overall, with a F-score of 0.87 (Table
5), which was far above the pre-defined objective F-score of 0.3. In retrospect,
the standard was set too low with the objective F-score of 0.3. Comparing to
F-scores reported in literature (35; 39; 40; 41), an overall objective F-score of
0.9 would have been more appropriate.

For all attributes a score of almost 0.9 or higher was achieved, except for the
extraction of the trial name. The method under-performed for this attribute,
with a F-score of 0.59 (Table 5). Thus, extracting trial names from the reports
turned out to be a difficult task. The unstructured way trial names where men-
tioned in the reports, in combination with the heterogeneity in the trial names,
made this a difficult task. Most trial names consisted of a combination of capital
letters and numbers. Yet, dashes and lowercase letters were also used in some
cases. For this reason, complex regular expressions were used to extract the
trial names. For other attributes less complex regular expressions were used,
as the corresponding values for these attributes were more straightforward to
identify.

Because tables were not used for information extraction, the trial names listed
in the tables could not be extracted. Therefore, the IE method on trial name
extraction could be considerably improved if tables were used for information
extraction.
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The orphan status was mentioned in a consistent manner in the reports. There-
fore, the orphan status could be identified easily with a simple regular expression
pattern. This resulted in the highest F-score measured: 0.98 (Table 5). The
orphan status was correctly extracted for all reimbursement reports, except one.
For extracting the orphan status, a negation pattern was used to prevent false
positives. Although the negation pattern performed well on the included reports,
the list of words that negate ‘orphan status’ could be extended to capture all
negations in future reports. Creating negating patterns requires iterative de-
velopment of these for each attribute (that requires a negated pattern), as the
negated patterns are attribute specific. Nonetheless, the time it requires to
create a negated pattern is minimal and definitely less time-consuming in com-
parison with manually extraction.

Although document sections were extracted, complete sections could not be
identified accurately. Sections were extracted by identifying the corresponding
header. The start of a section could be identified accurately using header iden-
tification, however the end of a section could not. As a result, parts of other
sections were extracted as well; which resulted in false positive results. This was
one of the main reasons for the low performance of the IE method on extracting
multiple outcome for the therapeutic value, with F-scores of 0.59 and 0.22 for
multiple outcomes (Table 6). Although the results are far from perfect, false
positives are easier to deal with than false negatives. False positives can be
corrected by manually reviewing the results. On the contrary, false negatives, if
unaware of missing data, cannot be corrected easily. We propose to examine the
structure of sections carefully in the future to identify possible section limits.
The end of the section may be identified by the start of a subsequent section.
For example, numbers, bold or italic text, capital letters, a combination of num-
bers and letters could be identified as the start of a next section. An alternative
method, would be to (partially) review the cases manually. Although this is
time-consuming, overall the IE method still will save a great amount of time in
comparison with the current manual review.

No ethical implications or considerations are in order for this research.
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7 Conclusion

In this thesis we introduced an IE method for the automatic extraction of infor-
mation from medicines authorisation and reimbursement reports. We showed
that with the developed method automatic information extraction is achieved.
The obtained results show that the developed system performs well, with overall
high F-scores. As far as we know, this is the first time automatic information
extraction on this particular domain is performed. We described how the IE
method is applied on medicines authorisation and reimbursement reports, which
are heterogeneous reports of textual nature. We evaluated the precision and re-
call of our approach using 22 reports. We conclude that with our IE method
automatically extracting information from medicines authorisation and reim-
bursement reports can be achieved with good performance. However, using the
developed TE method to replace manually evaluation would require several im-
provements, including a more structured approach of information extraction.
Moreover, an approach where the created rules are not embedded inside the
code would be advised. In the future, we hope improvement of the current IE
method is achieved to ultimately replace the current time consuming manu-
ally evaluation of medicine authorisation and reimbursement reports. And as a
result, improve health policy research.
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Appendices
A Python code

#!/usr/bin/env python
# coding: utf-—8

# In[1]:

#import packages
import json

import pandas as pd
import regex as re
import os

import glob

import re

# In[2]:

#creat fumnction for importing PDFs and convert to string

from pdfminer.pdfinterp import PDFResourceManager, PDFPagelnterpreter
from pdfminer.converter import TextConverter

from pdfminer.layout import LAParams

from pdfminer.pdfpage import PDFPage

from io import StringlO

def extract_pdf_content (pdf):
rsrcmgr = PDFResourceManager ()

codec = ’utf—8’
outfp = StringlO ()
laparams = LAParams()
device = TextConverter (rsremgr=rsrcmgr, outfp=outfp, codec=codec, laparams=l
with open(pdf, ’rb’) as fp:
interpreter = PDFPagelnterpreter (rsrcmgr, device)
password = 77
maxpages = 0
caching = True

pagenos=set ()
for page in PDFPage. get_pages(fp, pagenos, maxpages=maxpages, password=p
interpreter.process_page (page)
mystr = outfp.getvalue ()
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device . close ()
outfp.close ()
return mystr

# In[3]:

#path of files
pdf_path = 7C:/Users/ingeg/Documents/ADS_Thesis_Project /Dataset /ZIN/ZIN/PDF _file

pdfs = glob.glob(”{}/*.pdf”.format(pdf_path))

# In[4]:

#all files put together

zin = []

for i in range(22):
content = extract_pdf_content (pdfs[i])
zin .append (content )

# In[5]:

#check type
type(zin[1])

# In[6]:
# Function to convert list to String (meeded further ahead)

def listToString(s):

# initialize an empty string
strl =77

# traverse in the string
for ele in s:

strl += ele

# return string
return strl
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# In[7]:

def info_extraction (pdf):
df = pd.DataFrame ()

Drugname = []
Brandname = []
HTA _date = []
indication = []
orphan = []

REA outcome = []
trial = []

for text in pdf:

#Drugname
medname_pattern = ’(?<=Farmacotherapeutisch_rapport\s).*(?=\sbij.de.indi
medname_pattern2 = ’(?<=Budget_impact_analyse_van\s).*(?=\sbij_de_indica
medname_pattern3 = ’rapport.\d\d/?\d\d\s ([a—2A-Z]+)’
medname_patternd = ’rapport.\d\d/?\d\d\s ([".]*)’
medname_patterns = 7 (?7<=\().x?(?7=\))’
mednamel = re. findall (medname_pattern, text)
medname2 = re. findall (medname_pattern2, text)
medname3 = re.findall (medname_pattern3, text)
if len(mednamel) != 0:
medname_c = mednamel [0]
medname_c¢ = medname_c.split (”.")
drug_-name = medname_c[0]
brand_name = medname_c[1]
elif len(medname2) !=0:
medname_c = medname2 [0]
medname_c¢ = medname_c.split (”.")
drug-name = medname_c[0]
brand_name = medname_c[1]
elif len(medname3) !=0:
drug_-name = medname3[0]
medname4 = re.findall (medname_patternd, text )[0]
mednameb = re.findall (medname_pattern5, medname4)[0]
brand_name = mednamed
else:

drug_name = '’

brand_name = ’’
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Drugname . append (drug_-name)
Brandname . append (brand_name)

#Indication
ind_pattern = ” Geregistreerde_indicatie . ?([".]*\.[".]*)"
text = text.replace(’\n’,’ ")

ind = re.findall (ind_pattern, text)
if len(ind) != 0:
ind2 = ind[—1]
else:
ind2 = ind
indication .append(ind2)

#Date first HTA

date_pattern = 7 (\d\d?\s[a—2A-Z0—9]+\s\d{4})”
htadate = re.findall(date_pattern, text)[0]
HTA _date.append (htadate)

#O0rphan status

orph_pattern = ’'weesgeneesmiddel | wees_.geneesmiddel’
orph_not_pattern = ’geen._weesgeneesmiddel | geen_wees_geneesmiddel’
orph_search = re.findall (orph_pattern, text)

orph_not_search = re.findall (orph_not_pattern, text)

if len(orph_not_search) !=0:

orph = ’no’

elif len(orph_search) !=0:
orph = ’yes’

else:
orph = ’no’

orphan . append (orph)

#REA Outcome

concl_pattern = ”(?7i)conclusie_therapeutische_waarde ([".]*\.([".]*\.){20
concl_pattern2 = 7 (?i)eindconclusie ([".]*\.([".]*\.){20})”
conclusion = re.findall (concl_pattern, text)
conclusion_2 = re.findall (concl_pattern2 , text)
if len(conclusion) != 0:
conclusion2 = conclusion|[—1]
elif len(conclusion_2) !=0:
conclusion2 = conclusion_2[—1]
else:
conclusion2 = conclusion
conclusiond = listToString (conclusion?2)
val_pattern = 7 ([".]*\ smeerwaarde.?\s[".]*]|[".]*\ sminderwaarde.?\s[".] x|
ther_val = re.findall(val_pattern, conclusion3)[:3]

REA _outcome. append (ther_val)
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#Trial name

study_pattern = " (?
study_pattern2 = "7 (
study_pattern3 = " (
study_patternd = " (
study = re.findall(

study2 = re.findall (study_pattern2 , text)
study3 = re.findall (study_pattern3 , text)
study4 = re.findall (study_pattern3 , text)

if len(study) != 0:
study2 = study[—1]
elif len(study2) !=0:
study2 = study2[—1]
elif len(study3) !=0:
study2 = study3[0]
elif len(study4) !=0:
study2 = study4[—1]
else:
study2 = study

)(ge ncludeerde.studies ) (]
i)(werkzaamheid ) ([~
i)
i

study3 = listToString (study2)

study3 = study3.replace(’CD4’,

"7).replace ('FEV._1",

i N[ D=\ {30))7

? . . x\.){30})”
7i)(evidentie ) ([".]x\.([".]*\.){30})”
?7i)(placebogecontroleerde_studies ) ([ .]*\.([".]*\.) {3
study_pattern , text)

(

(

(

"7 ).replace ('FEV1’ |

trial_pattern = " [A-Z]+[\dQ]+[\wQ]+[\ —]+[A-Z]+[\dQ] x| [A-Z]+[\dQ] 4+ [\wQ] +[

trials = re.findall (trial_pattern, study3)[:1]

trial .append(trials)

df [ ’Drugname’| = Drugname

df [ ’Brandname’] = Brandname

df [ 'Date_first -HTA’] = HTA _date

df [ 'HTA_indication_assessed ’] = indication
df [ ’Orphan.status’] = orphan

df [ '/REA_Outcome’] = REA_outcome
df[’Trial_names’] = trial

return df

# In[8]:

#FEzxtract the information for all
info_extraction (zin)

# In[9]:
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#rename to df
df = info_extraction (zin)

# In[10]:

#export to csv and JSON file (df with one outcome for therapeutic wvalue)
df.to_csv(’df_ZIN_1.csv’)
df.to_json (’df_-ZIN_1.json’)

# Inf[11]:

#split outcomes into mew columns to split the multiple therapeutic value outcome
df2 = pd.DataFrame ([pd. Series(x) for x in df.REA_Outcome])

# print (df2)

df2.columns = [’REA_Outcome_{}’.format(x+1) for x in df2.columns]

print (df2.columns)

# In[12]:

#concat the two different dataframes
df_.ZIN = pd.concat ([df,df2], axis=1)
df_ZIN

# In[13]:

#drop Outcome column (=duplicate)
df_-ZIN = df_ZIN.drop ([ 'REA_Outcome’], axis=1)

# In[14]:

#show result
df_ZIN . head ()
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# In[15]:

#export to csv and JSON file
df_-ZIN . to_csv ('df_ZIN_2.csv )
df_-ZIN . to_json (’df_-ZIN_2 .JSON")

(df with multiple outcomes for therapeutic value)
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B Extracted information

B.1 Extracted information, output: JSON file

{?Drugname”: {"0”: ”ataluren”, 717: ”aztreonam”, 72”: ?” 73”: ”?darunavir”,
747 ?etravirine”, ”5”: ”everolimus”, ”6”: ”fampridine”, ”7”: "asfotase”, ”8”:
770797 Plapatinib”, ”710”: ”lomitapide”, ”11”: ”obeticholzuur”, ”712”: ”ofa-
tumumab”, 713”: “axi-cel”, 714”: ”tisagenlecleucel”, 715”: ”tisagenlecleu-
cel”, 716”: ”panitumumab”, "17”: ”pazopanib”, 718”: ”raltegravir’, 719”:
”Stiripentol”, ”20”: ”sunitinib”, ”21”: ”vandetanib”}, ?Brandname”: {’0”:

”(Translarna\u0Oae)”, ”1”: ”(Cayston\u00Oae)”, ”72”: 7 73”: ”Prezista\ul0ae”,
74”: 7 (Intelence\u00ae)”, ”5”: ”(Votubia\u0Oae)”, ”6”: ”(Fampyra\u0Oae)”,
P77 Palfa”, 787: 77,797 7 (Tyverb\uOOae)”, ”10”: ”Lojuxta”, ”117: ”(Ocaliva\u00ae)”,

7127 7 (Arzerra\uOOae)”, ”"13”: ”(Yescarta\uOOae)”, ”14”: 7 (Kymriah\u00Oae)”,
715”: 7 (Kymriah\u00Oae)”, ”16”: ” (Vectibix\u0Oae)”, ”17”: 7 (Votrient\u0Oae)”,
718”: 7 (Isentress\u0Oae)”, 719”: ” (Diacomit\u00ae)”, 720”: ”(Sutent\u00ae)”,
7217: 7 (Caprelsa\uOOae)”}, "Date first HTA”: {”0”: 7”23 november 20177,
717: 726 april 20117, 72”7: 7”28 november 20177, 73”: 7”10 april 2007”7, 74”:
71 december 2008”, 75”: 710 februari 2012”7, 76”: 721 januari 2013”7, ”7”:
725 maart 2019”, 78”: 714 mei 20197, 79”: 711 augustus 20087, 710”: 722
april 20157, ”117: 718 juli 20187, ”12”: 7 juni 20117, "13”: 7”57 maart
2019”7, 714”: 718 december 2018”7, 715”: 707 maart 2019”, ”16”: "11 febru-
ari 20077, 7177: 714 januari 2011”7, 718”: 7”5 februari 2008”, 719”: ”3 maart
2008”, 720”: 726 oktober 20067, ”21”: 710 september 2012”}, "HTA indica-
tion assessed”: {”0”: ”Ataluren is geregistreerd voor \u201lcSpierdystrofie van
Duchenne als gevolg van een nonsense mutatie in het dystrofine-gen, bij ambu-
lante pati\uOOebnten van vijf jaar en ouder. De werkzaamheid is niet aange-
toond bij niet-ambulante pati\uOOebnten”, ”1”: ” \u20lcSuppressieve behan-
deling van chronische longinfecties veroorzaakt door Pseudomonas aeruginosa
bij pati\uOOebnten vanaf 18 jaar met cystische fibrose.\u201d Dosering”, 72”: ||,
”3”: ”In combinatie met 100 mg ritonavir en andere antiretrovirale geneesmid-
delen voor de behandeling van hiv-1 infectie bij sterk voorbehandelde volwassen
pati\uOOebnten bij wie meer dan \u00e9\u00e9n antiretrovirale behandeling met
een proteaseremmer heeft gefaald. Dosering Darunavir 600 mg, tweemaal daags,
in te nemen samen met 100 mg ritonavir, tweemaal daags, en met voedsel”, 74”:
"\u201clntelence, in combinatie met een gebooste proteaseremmer en andere an-
tiretrovirale geneesmiddelen, is aangewezen voor de behandeling van een infectie
met het humaan immunodefici\uOOebntievirus type 1 (hiv-1) bij met antiretrovi-
rale geneesmiddelen voorbehandelde volwassen pati\uOOebnten. Deze indicatie
is gebaseerd op de analyses na 24 weken in 2 gerandomiseerde, dubbelblinde,
placebogecontroleerde fase IIl-studies bij sterk voorbehandelde pati\uOOebnten
met virusstammen waarin mutaties voorkwamen voor resistentie tegen niet-
nucleoside reverse transcriptaseremmers en tegen proteaseremmers, waarin Inte-
lence werd onderzocht in combinatie met een \u2018optimised background regi-
men\u2019 (OBR) met inbegrip van darunavir/ritonavir”, ”5”: ” \u201lcVoor de
behandeling van pati\u0OOebnten van 3 jaar en ouder met subependymale reuscel
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astrocytomen (SEGA), geassocieerd met Tubereuze Sclerose Complex (TSC),
die een therapeutische interventie nodig hebben, maar niet ontvankelijk zijn voor
een chirurgische ingreep.\u201d Dosering”, ”76”: 7 \u20lcverbetering van het
lopen bij volwassen pati\uOOebnten met multiple sclerosis met beperkt loopver-
mogen (EDSS 4-7).\u201d Fampridine is door de Europese Registatie Autoriteit
(EMA) \”voorwaardelijk\” geregistreerd”, ”7”: ” Asfotase alfa (Strensiq\u0Oae)
is geregistreerd voor ’langdurige enzymvervangingstherapie bij pati\u0Oebnten
met hypofosfatasia (HPP) bij wie de eerste symptomen voor de leeftijd van
18 jaar zijn opgetreden om de manifestaties van de ziekte met betrekking tot
het bot te behandelen\u2018. 17, 78”: ?Myalepta\u00ae is ge\uOOefndiceerd als
aanvulling bij een dieet als vervangingstherapie om de complicaties van leptined-
efici\uOOebntie te behandelen bij pati\u0Oebnten met lipodystrofie: \ufOb7 met
bevestigde aangeboren gegeneraliseerde lipodystrofie (Berardinelli-Seip-syndroom)
of verworven gegeneraliseerde lipodystrofie (Lawrence-syndroom), bij volwasse-
nen en kinderen van 2 jaar en ouder; \ufOb7 met bevestigde familiaire parti\u0Oeble
lipodystrofie of verworven parti\u0Oeble lipodystrofie (Barraquer- Simons-syndroom),
bij volwassenen en kinderen van 12 jaar en ouder bij wie met standaardbehan-
delingen geen adequate metabole controle werd bereikt. Bijzonderheid Regis-
tratie als weesgeneesmiddel”, ”79”: ”In combinatie met capecitabine bij gevorderde
ofgemetastaseerde borstkanker bij tumoren met HER2-overexpressie bij pro-
gressieve ziekte na eerdere behandeling meteen antracyclinederivaat, een taxaan
en trastuzumab.DoseringVolwassenen: 17, 710”: ”Lomitapide (Lojuxta\u0Oae)
is ge\uOOefndiceerd \u2018als aanvulling bij een vetarm dieet en andere lipiden-
verlagende geneesmiddelen met of zonder low-density-lipoprote\uOOefne-aferese
(LDL-aferese) bij volwassen pati\uOOebnten met homozygote familiaire hyper-
cholesterolemie (HoFH). Indien mogelijk, moet genetisch worden bevestigd dat
er sprake is van HoFH”, ”11”: ”Obeticholzuur (Ocaliva\u00ae) is geregistreerd
voor de behandeling van primaire biliaire cholangitis (ook primaire biliaire cir-
rose genaamd) in combinatie met ursodeoxycholzuur (UDCA) bij volwassenen
met een ontoereikende respons op UDCA of als monotherapie bij volwasse-
nen die UDCA niet kunnen verdragen. Primaire biliaire cholangitis (PBC)
is een relatief zeldzame chronische leverziekte met kenmerken van een auto-
immuun aandoening”, 712”: ” \u20lcOfatumumab is ge\uOOefndiceerd voor
de behandeling van chronische lymfatische leukemie (CLL) bij pati\u0OOebnten
die refractair zijn voor fludarabine en alemtuzumab.\u201d Dosering”, 713”:
"De kosteneffectiviteitsanalyse moet plaatsvinden bij pati\uOOebnten met de
geregistreerde indicatie voor axicabtagene ciloleucel. De geregistreerde indi-
catie luidt als volgt: \u20lcbehandeling van volwassenen pati\uOOebnten met
recidiverend of refractair diffuus grootcellig B-cellymfoom (DLBCL) en primair
mediastinaal B-cellymfoom (PMBCL), na twee of meer lijnen systemische ther-
apie\u201d”, ”14”: ”Tisagenlecleucel (Kymriah\u0Oae) is geregistreerd voor
\u2018pediatrische en jongvolwassen pati\uOOebnten tot de leeftijd van 25 jaar
met refractaire B-cel acute lymfoblastaire leukemie (ALL), of met een recidief
na transplantatie of met een tweede of later recidief van B-cel ALL.\u20191
Plaats in het behandelalgoritme ALL is een levensbedreigende ziekte”, ”15”:
"Tisagenlecleucel is geregistreerd voor twee therapeutische indicaties: \u2022
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Volwassen pati\uOOebnten met een recidief of refractair (r/r) diffuus grootcellig
B-cellymfoom na twee of meer lijnen systemische therapie (behandeld in dit rap-
port). Pediatrische en jongvolwassen pati\uOOebnten tot de leeftijd van 25 jaar
met refractaire B-cel acute lymfoblastaire leukemie (ALL), of met een recidief na
transplantatie of met een tweede of later recidief van B-cel ALL (niet behandeld

in dit rapport)”, 716”: ” De behandeling van pati\uOOebnten met gemetas-
taseerd colorectaal carcinoom met EGFR expressie die niet KRAS-gemuteerd
(wild-type) is, na falen fluoropyrimidine, oxaliplatin- en irinotecan- bevattende
chemotherapieregimes. Dosering 6 mg/kg lichaamsgewicht, \u00e9\u00e9nmaal
per twee weken”, ”17”: 7 \u201lcVotrient is geregistreerd voor de eerstelijns-
behandeling van gevorderd niercelcarcinoom (RCC, Renal Cell Carcinoma) en
voor pati\uOOebnten die eerder een cytokinebehandeling hebben ondergaan voor
het gevorderde stadium van de ziekte.\u201d Dosering”, ?18”: ”in combinatie
met andere antiretrovirale geneesmiddelen: behandeling van volwassenen met
HIV1-infectie en aangetoonde HIV1-replicatie, ondanks eerdere en voortdurende
antiretrovirale behandeling Dosering 400 mg 2 dd Werkingsmechanisme Remt
het enzym integrase. Daardoor kan het virale DNA niet integreren in het DNA
van de humane gastheercel en dus ook niet repliceren”, 719”: 7 Als adjuvans
bij refractaire gegeneraliseerde tonisch-klonische aanvallen bij ernstige juveniele
myoklonische epilepsie op zeer jonge leeftijd (syndroom van Dravet) in combi-
natie met clobazam en valpro\uOOefnezuur. Dosering Kinderen: in een peri-
ode van 3 dagen dosis opbouwen tot de aanbevolen dosis van 50 mg/kg/dag
verdeeld over 2-3 giften Werkingsmechanisme De belangrijkste werking wordt
toegeschreven aan een Pagina 1 van 8 \f28002289 definitieve versie stiripentol
(Diacomit\u0Oae) versterking van de werking van andere anti-epileptica via far-
macokinetische interacties die hoofdzakelijk zijn gebaseerd op de metabole rem-
ming van CYP3A4 en 2C191”, 720”: ”\u2022 Behandeling van pati\u0Oebnten
met gevorderd en/of gemetastaseerd niercelcarcinoom na falen van behandeling
met interferon-alfa of interleukine-2. \u2022 Behandeling van pati\u0Oebnten
met niet-operatief te verwijderen en/of gemetastaseerde gastro-intestinale stro-
maceltumoren (GIST) na falen van behandeling met imatinibmesylaat als gevolg
van therapieresistentie of intolerantie”, ”21”: ” \u201cCaprelsa is ge\u0Oefndiceerd
voor de behandeling van aggressieve en symptomatische medullaire schildklierkanker
(MTC) bij pati\uOOebnten met niet-reseceerbare lokaal gevorderde of gemetas-
taseerde ziekte. Er moet rekening worden gehouden met een mogelijk kleiner
voordeel bij pati\u0Oebnten waarvan de RET-mutatie-status (Rearranged dur-
ing Transfection) niet bekend of negatief is, voordat de beslissing over de in-
dividuele behandeling wordt genomen”}, ”Orphan status”: {”07: 7yes”, ”1”:
“yes”, 727: "no”, ”3”: "no”, "4”: "no”, ”5”: "yes”, 76”: "no”, "7": "yes”,
” 8” . ” yes” , ki 9”: ki n0”7 ” 1077 . ” nO’? , ” 1177 . ” yeS” , ” 1277 . ” yeS” , ” 1377 . ” yesﬁ ,
7147: 7yes”, 715”7: "yes”, 716”: "no”, "177: "no”, "18”: ”"no”, 719”: "yes”,

7207 ”yes”, 7217 ”IlO”}, ”Trial names”: {”0772 [”PTC 1”}, 717 H, 727 []7 737
[PPOWER 17], 747: ["V90I”], "5": [?CYP3A4”], 76" ['F202"], ”7": ["ENB
0], 78”: [, 79”: "EGF100517], 710 ["UP1002”], "11”: ["CYP2C19-"], "12”:
[]7 R 13’7: |:”ZU1\/[1A_1”]7 ”14’7: [”ECOG O?’]7 ”1577: [7702201”]7 7716”: []7 ”17’7:
0, 7187 [, 7197 [|, "20”: [|, "21”: ["V1”]}, "REA_Outcome_1”: {0": ”
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Ataluren heeft bij de behandeling van ambulante pati\uOOebnten vanaf 5 jaar
met nmDMD [in vergelijking met placebo toegevoegd aan best ondersteunende
zorg] een therapeutische minderwaarde vanwege onvoldoende bewijs”, 717: 7
aeruginosa-infectie heeft aztreonam-inhalatie een gelijke therapeutische waarde
als inhalatie van tobramycine of colistine”, ”72”: null, ”3”: ” Bij de behandeling
van een HIV-1 infectie in combinatie met andere anti-retrovirale middelen bij
pati\uOOebnten die uitgebreid voorbehandeld zijn en resistentie hebben tegen
meerdere proteaseremmers heeft darunavir (in combinatie met ritonavir) een
meerwaarde. 27, 74”: ” Bij de behandeling van hiv-infectie heeft etravirine als
toevoeging aan een optimale doch falende combinatie van antiretrovirale midde-
len een therapeutische meerwaarde boven placebo”, ”75”: ” Bij de behandeling
van pati\uOOebnten van 3 jaar en ouder met subependymale reuscel astrocy-
tomen (SEGA), geassocieerd met Tubereuze Sclerose Complex (TSC), die een
therapeutische interventie nodig hebben, maar niet in aanmerking komen voor
een chirurgische ingreep heeft everolimus een therapeutische meerwaarde ten
opzichte van best ondersteunende zorg”, ”6”: 7 Omdat hiervan uit onderzoek
geen nadeel is aangetoond, is de conclusie therapeutisch gelijke waarde. Ook
ten opzichte van oefentherapie/fysiotherapie, zijn er onvoldoende gegevens en
is geen indirecte vergelijking in kwantitatieve zin mogelijk”, ”7”: 7 Zorginsti-
tuut Nederland is tot de eindconclusie gekomen dat bij pati\uOOebnten met
hypofosfatasia en een perinatale of een infantiele aanvang, de behandeling met
asfotase alfa een therapeutische meerwaarde heeft ten opzichte van beste on-
dersteunende zorg alleen”, ”8”: ” Rekening houdend met de onzekerheden in
de gunstige effecten en met de bezorgdheid over de ontwikkeling van neutralis-
erende antilichamen concluderen Zorginstituut Nederland en de CTG dat het
niet mogelijk is om een therapeutische meerwaarde toe te kennen aan metrelep-
tine (Myalepta\uOOae) bij pati\uOOebnten met gegeneraliseerde lipodystrofie en
parti\uOOeble lipodystrofie”, ”79”: null, 710”: ” Vanwege de noodzaak de ziekte
te behandelen luidt de conclusie, ondanks dbeperkte dataset en de subopti-
male studie-opzet, dat lomitapide bij behandeling van pati\uOOebnten \u2265 18
jaar met bevestigde HoFH, toegevoegd aan optimale gebruikelijke lipidenverla-
gende behandelingen (combinatie van vetarm dieet, medicatie en LDL-aferese),
een therapeutische meerwaarde heeft ten opzichte van dMede vanwege het ont-
breken van gegevens over de lange termijn veiligheid en effectiviteit is het prod-
uct door EMA geregistreerd onder \u2018Exceptional Circumstances\u2019”,
”117: 7 Er is geen meerwaarde aangetoond van obeticholzuur bij volwassenen
PBC pati\u0OOebnten met een ontoereikende respons op UDCA of als monother-
apie bij volwassenen PBC pati\uOOebnten die UDCA niet kunnen verdragen,
t”, 712”: 7 Op basis van een retrospectieve vergelijking en gezien de ernst
van de ziekte en de afwezigheid van een alternatieve behandeling wordt, on-
danks de beperkte gegevens, geconcludeerd dat ofatumumab bij de behandeling
van chronische lymfatische leukemie (CLL) bij pati\uOOebnten die refractair
zijn voor fludarabine en alemtuzumab een therapeutische meerwaarde heeft ten
opzichte van geen ofatumumab behandeling”, ”13”: null, 714”: null, 7157: ”
We concluderen dat tisagenlecleucel een therapeutische minderwaarde heeft op
basis van onvoldoende bewijs bij volwassen pati\uOOebnten met een recidief
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of refractair (r/r) diffuus grootcellig B-cellymfoom na twee of meer lijnen sys-
temische therapie ten opzichte van salvage chemotherapie (+SCT)”, 716”: ”
Bij pati\uOOebnten met gemetastaseerde, chemotherapieresistente colorectale
kanker bij wie geen mutatie van het KRAS gen kan worden aangetoond heeft
panitumumab een therapeutische meerwaarde ten opzichte van de standaard-
behandeling met beste ondersteunende zorg”, ”17”: 7 Bij eerstelijnsbehandel-
ing van pati\uOOebnten met lokaal gevorderd of gemetastaseerd niercelcarci-
noom in de gunstige of intermediaire prognosegroep (volgens de indeling van
Motzer) heeft pazopanib een gelijke waarde ten opzichte van sunitinib en een
gelijke waarde ten opzichte van cytokinetherapie zoals interferon alfa al dan
niet in combinatie met bevacizumab, of interleukine-2”, ”18”: ” Bij de be-
handeling van HIV-infectie heeft raltegravir als toevoeging aan een optimale
doch falende combinatie van antiretrovirale middelen een therapeutische meer-
waarde boven placebo”, 719”: ” Bij de behandeling van refractaire gegener-
aliseerde tonisch-klonische aanvallen bij ernstige juveniele myoklonische epilep-
sie op zeer jonge leeftijd (SMEI/syndroom van Dravet) als adjuvans in combi-
natie met clobazam en valpro\uOOefnezuur heeft stiripentol een therapeutische
meerwaarde. 27, 720”: 7 De toepassing van sunitinib heeft een therapeutische
meerwaarde bij pati\uOOebnten met gevorderd en/of gemetastaseerd niercel-
carcinoom waarbij behandeling met interferon-alfa of interleukine-2 niet suc-
cesvol of niet ge\uOOefndiceerd is”, 721”: ” Bij de behandeling van agressieve
en symptomatische medullaire schildklierkanker (MTC) bij pati\u0Oebnten met
niet-reseceerbare lokaal gevorderde of gemetastaseerde ziekte heeft vandetanib
een therapeutische meerwaarde ten opzichte van placebo” }, ”"REA_Outcome_2”:
{70”: null, 717: ” De deels gunstige effecten van aztreonam en de afwezigheid
van ongunstige effecten zijn onvoldoende voor een therapeutische meerwaarde,
omdat er slechts \u00e9\u00e9n, open effectiviteitsonderzoek is en omdat de er-
varing met het middel beperkt is”, 72”: null, ”3”: null, 74”: null, ”5”: ” Claim
van de fabrikant en oordeel van de CFH 4a Claim van de fabrikant \u201cBij
pati\uOOebnten van 3 jaar en ouder met TSC-geassocieerde SEGA, die niet
in aanmerking komen voor een chirurgische resectie, heeft de behandeling met
everolimus een therapeutische meerwaarde boven geen behandeling”, 76”: ”
Hier is de situatie mede om onderstaande redenen echter geheel anders, waar-
door de conclusie therapeutische minderwaarde is”, ”7”: ” Bij pati\u0OOebnten
met hypofosfatasia en een juveniele aanvang heeft de behandeling met asfotase
alfa een therapeutische minderwaarde door onvoldoende gegevens”, ”8”: null,
79”: null, 710”: null, ”11”: ” Hierdoor is het thans te vroeg om te spreken van
een aangetoond klinisch relevant voordeel op harde klinische eindpunten door
de behandeling van volwassenen PBC pati\u0Oebnten met een ontoereikende
respons op UDCA of als monotherapie bij volwassenen PBC pati\uOOebnten
die UDCA niet kunnen verdragen met obeticholzuur, met andere woorden, dit
betekent dat het geneesmiddel een therapeutische minderwaarde heeft”, ”12”:
” Uit klinisch onderzoek blijkt dat behandeling met ofatumumab een duidelijke
meerwaarde heeft in de behandeling van chronische lymfatische leukemie (CLL)
bij pati\uOOebnten die refractair zijn voor: - - fludarabine en alemtuzumab flu-
darabine en voor wie een behandeling met alemtuzumab niet geschikt wordt
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geacht”, 713”: null, 714”: null, ”715”: null, 716”: null, ”717”: ” Na falen van
voorafgaande behandeling gebaseerd op interferon-alfa (al dan niet in combi-
natie met bevacizumab) of interleukine-2 of wanneer deze niet werd verdragen,
heeft tweedelijnsbehandeling met pazopanib bij deze pati\uOOebnten eveneens
een gelijke waarde ten opzichte van sunitinib”, ”18”: null, ”719”: null, ”720”: ”
Het gebruik van sunitinib heeft op basis van het te verwachten levensverlengende
effect een therapeutische meerwaarde bij het merendeel van pati\u0Oebnten met
GIST die progressie vertonen tijdens behandeling met imatinibmesilaat of in-
tolerant zijn voor deze behandeling”, ”21”: ” Bij de behandeling van agressieve
en symptomatische medullaire schildklierkanker (MTC) bij pati\u0Oebnten met
niet-reseceerbare lokaal gevorderde of gemetastaseerde ziekte heeft vandetanib
een therapeutische meerwaarde ten opzichte van placebo” }, ”"REA _Outcome_3":
{707: null, 71”7: ” Aztreonam lysine heeft een therapeutische meerwaarde voor
pati\uOOebnten met deze zeldzame en ernstige erfelijke aandoening waardoor
opname op bijlage 1B van de Regeling zorgverzekering is aangewezen”, ”2”:
null, 73”: null, ”4”: null, ”5”: ”\u201d 4b Oordeel CFH over de claim van
de fabrikant Bij de behandeling van pati\uOOebnten van 3 jaar en ouder met
subependymale reuscel astrocytomen (SEGA), geassocieerd met Tubereuze Scle-
rose Complex (TSC), die een therapeutische interventie nodig hebben, maar
niet in aanmerking komen voor een chirurgische ingreep heeft everolimus een
therapeutische meerwaarde ten opzichte van best ondersteunende zorg”, ”76”: ”
Eindconclusie: Ter verbetering van het lopen bij volwassen pati\uOOebnten met
multiple sclerose (EDSS 4-7) heeft fampridine mga een gelijke therapeutische
waarde als fampridine als apotheekbereiding (=4-AP)”, ”7”: null, ”8”: null,
79”: null, 710”: null, ”117: null, 712”: 7 Om deze redenen wordt, ondanks
de beperkte gegevens, toch geconcludeerd dat ofatumumab bij de behandeling
van chronische lymfatische leukemie (CLL) bij pati\uOOebnten die refractair
zijn voor fludarabine en alemtuzumab een therapeutische meerwaarde heeft ten
opzichte van best ondersteunende zorg”, ”13”: null, ”714”: null, ”15”: null, ”16”:
null, 717”7: null, ”18”: null, 719”: null, ”720”: null, 721”7: null}}
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B.2 Extracted information, output: dataframe

Table 7: Extracted information from the 22 reports by the developed IE method.
Information of attributes ‘Indication’ and ‘Therapeutic value’ are not shown in

order to create a readable dataframe

Generic name  Brand name Date first HTA Orphan status  Trial name
ataluren (Translarna®)) 23 november 2017  yes [PTC 1]
aztreonam (Cayston®)) 26 april 2011 yes I

28 november 2017  no I
darunavir Prezista®) 10 april 2007 no [POWER 1’|
etravirine (Intelence®)) 1 december 2008 no [DUET-1’]
everolimus (Votubia®)) 10 februari 2012 yes [C2485]
fampridine (Fampyra®)) 21 januari 2013 no [F202’]
asfotase alfa 25 maart 2019 yes ENB 0’]

14 mei 2019 yes [
lapatinib (Tyverb®)) 11 augustus 2008  no "EGF10051]
lomitapide Lojuxta 22 april 2015 no [UP1002’]
obeticholzuur (Ocaliva®)) 18 juli 2018 yes [NCT02308111’]
ofatumumab (Arzerra®)) 7 juni 2011 yes I
azi-cel (Yescarta®)) 57 maart 2019 yes [ZUMA-1’]
tisagenlecleucel (Kymriah®)) 18 december 2018  yes [ECOG 0]
tisagenlecleucel (Kymriah®)) 07 maart 2019 yes [C22017]
panitumumab  (Vectibix®)) 11 februari 2007 no EPAR 1]
pazopanib (Votrient®)) 14 januari 2011 no [VEG105192]
raltegravir (Isentress®)) 5 februari 2008 no [BENCHMRKZY’]
Stiripentol (Diacomit@®)) 3 maart 2008 yes I
sunitinib (Sutent®)) 26 oktober 2006 yes [RTKC-0’]
vandetanib (Caprelsa®)) 10 september 2012 no [D4200C00058’)
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C Patterns section identification

Table 8: Dutch patterns for section identification

Attributes

Dutch pattern

Therapeutic value

Trial name

/\/\/\/\/\/\

71)conclu51e therapeutische waarde([:]*\.([:]*\.){20})
?1)eindconclusie([:]*\.([-]*\.){20})

71)(gemcludeerde studies) ([-]*\.([:]*\.){30})

1) (werkzaambeid) ([:]*\.([-]*\.){30})

1) (evidentie) ([-]*\.([s]*\.){30})

?1) (placebogecontroleerde studies)([s]*\.([]]*\.){30})

Table 9: English patterns for section identification

Attributes

English pattern

Therapeutic value

Trial name

(?1)conclusion therapeutic value([:]*\.([:]*\.){20})
(?1)final conclusion([:]*\.([:]*\.){20})
(?1)(included studies)([-]*\.([:]*\.){30})

(?1) (efficacy) ([:*\-(1-]*\.){30})

(?1) (evidence) ([:*\.([:*\.){30})

(?1)(placebo controlled studies)([-]*\.([:]*\.){30})
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