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General introduction 

PART I: Radiological report and reporting process 

 

The radiological report is the main output format of the radiologist to the referring 

clinician or general practitioner (GP) and is considered the golden standard in radiology 

communication [1-5]. In fact, it is a medicolegal document [6-8] in which every 

important aspect about a particular entity can (and should) be described by the reporter 

[1-5, 9-10]. Therefore, this document is very important in radiological practice, but also 

in the clinical process, as it is the translational step between the medical question and 

the interpretation of the findings on the radiological examination [11, 12]. The reporting 

process is complex, in which the answer of the medical question should be accurately 

presented in the radiological report in a readable fashion. Therefore, two main 

objectives in radiology reporting can be distinguished: accurate content and a 

readable structure (Fig. 1). 

 

Figure 1. Radiological reporting process. 

 

Digitalization in healthcare and the introduction of the Picture Archive and 

Communication System (PACS) as well as Radiology Information System (RIS) 

dramatically changed radiology practice [12-16]. This offered opportunities for changes 

in the way of reporting and for better access to the radiological report by the referring 

clinician and GP [2, 12]. The introduction of speech recognition in radiology has 
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enhanced the reporting process even more, as direct and faster reporting into the PACS 

was made possible [17-21].  

 

However, since the beginning of reporting in radiology – somewhere close to the 

invention of the X-ray and the first radiological report in 1895 by Wilhelm Röntgen [22, 

23] – little has changed in the reporting process. Of course, the radiological report is 

nowadays made with speech recognition software instead of a being a (hand)written 

document, but reporting principles and reporting style are still roughly the same [6, 10, 

11, 24]. Actually, the radiological report still is commonly a free text document made by 

the radiologist.  

 

Standardized reporting and structured reporting 

 

Standardized reporting 

Closely after the discovery of the X-ray, Hickey was one of the first to introduce some 

sort of streamlining into the radiological report [25]. Radiological reports at that time 

were ambiguous, and often the outcome of the examination and its report did not match 

the clinical condition [10, 23]. According to Hickey, standardization of the radiological 

report and the use of standardized nomenclature is key in improving radiology reports 

[25].  

 

Despite the efforts put into standardization in order to streamline the content of the 

radiological report, the value of the radiological report up to this day is still very 

reporter-specific and probably education dependent [10, 11, 24, 26]. After all, there are 

radiologists that write short staccato reports and others that write large, prose 

(master)pieces. Therefore, the content or at least the style is radiologist-dependent [1, 

27]. This wide variety in reporting manner leads to inconsistent reporting [1, 10, 26-29]. 

Langlotz states about this ongoing lack of report consistency [10]: “Anyone who has 

attempted to glean definitive conclusions from even a small sample of radiology reports 

will agree we have a problem.” 

Especially the last decades, more attention and several attempts and guidelines on what 

to state in the radiological report have been published to increase report uniformity [1-
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5, 24, 26-31]. Also many different standardization tools emerged to increase report 

uniformity using uniform language. Especially tools for risk assessment and quality 

assurance, such as Breast Imaging Reporting And Data System (BIRADS), Prostate 

Imaging Reporting And Data System (PIRADS), Thyroid Imaging And Data System 

(TIRADS) and for instance the Fleischner criteria on lung nodules have been created to 

help reporters describe important image findings, to do a risk estimation and to aid 

clinical decision making and follow up [32-35].  

 

Structured reporting 

More recently, the idea of improving reporting in radiology again gained interest when 

the term Structured Reporting (SR) emerged in literature as a possible solution for the 

need to accurately describe radiological findings as well as to implement reporting 

guidelines [10, 36-38]. Nowadays, the only rule set is that the radiological report should 

start with a clinical question, followed by the observations and should end with a section 

on findings [1, 27]. SR is supposed to aid the reporter by building the radiological report 

with a readable structure, by using for instance a strict format (template) or using an 

interactive report builder (drop-down menu). When doing so, the reporter is supported 

and guided to choose from different disease-specific options or locations out of a menu. 

Therefore, these items should not be reported any more. A different improvement of SR 

is that it helps the radiologist to report all items needed for the specific task with the 

right options and description. In literature, many advantages of its potential use have 

been described, as it can enhance and speed up workflow and increase accuracy and 

completeness. However, also several disadvantages are brought forward, as SR may 

hamper personal reporting freedom or burdening specific description of findings [39-

42]. Still, large radiological societies, like the Radiological Society of North-America 

(RSNA) and the European Society of Radiology (ESR) combined forces to promote the 

use of SR [36, 43].  

 

As such, both standardized reporting and structured reporting are supposed to increase 

the value of the radiological report (Fig. 2). Furthermore, in combination with already 

set or yet to be established reporting guidelines, it can streamline the radiological 

report. 
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Figure 2. Radiological reporting process and tools to increase the value of the radiological report; 

standardization, reporting guidelines and structured reporting. 

 

To allow for proper clinical implementation and adequate evaluation, the concepts of 

standardized reporting and SR need to be clear. However, various assumptions of what 

standardized reporting and SR involves are circulating in literature, which has led to 

confusion as to its actual meaning. Since the hype around SR started, relatively few 

studies define the term SR or have searched for evidence-based recommendations, 

whereas both may be pivotal for successful implementation. One of the omissions in 

this field is the lack of clear distinctions between both concepts and understanding of 

the differences between standardized reporting and structured reporting. As a 

consequence, it is unknown what the current status of SR in radiology reporting is and 

how it should be implemented best. Also despite the promotion by large radiological 

societies, it is necessary to know to what extent SR is being researched and implemented 

in clinical practice, to explore its level of evidence and to provide an overview of the 

current status of SR in radiology. Only then it is possible to find out whether SR actually 

enhances the radiological reporting process. 

 

PART II: Text mining and Natural Language Processing (NLP)  

 

Text mining 

The aforementioned structured reporting mainly focuses on human-based 

interventions that can be supported by IT solutions in order to enhance the radiological 
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report. However, as artificial intelligence (AI) is becoming more accepted in the modern 

world, it is interesting to explore how AI can assist in creating and improving the 

radiological report. 

 

Because of the process of digitalization in healthcare, very large quantities of patient 

data – patient follow ups, blood results as well as their medical history – are digitally 

stored in the medical Electronic Health Record (EHR) [44, 45]. Likewise, all radiological 

and nuclear medicine reports are being stored digitally in the EHR. This enormous data 

storage of medical information can be potentially used for many tasks, such as workflow 

improvement, quality assurance, education and research. However, most of this medical 

information is left unused, as it is stored in an unstructured manner and, as data 

retrieval of unstructured data is very laborious, it is not easy to (re)use [44-46].  Again, 

this is also true for data of the radiological report, which is mostly written as 

unstructured free text and therefore not easy to reuse.  

 

Data mining [47, 48] is considered to be a solution for the extraction and search for 

specific data or correlations. In data mining, computing power is used to mine or search 

an enormous amount of unstructured data in order to find the appropriate data. By 

doing so, large quantities of data can be searched, processed, stored and labeled for all 

kinds of purposes, and without or with only little human interference. Text mining is a 

subtype of data mining and can be used for searching text files as for instance the 

radiological report. As image mining and radiomics are booming in radiology [49-51], 

text mining can be the next gamechanger, as it can process the free text radiological 

report and help improve the reporting process and the radiological report itself. In this 

context, text mining can be a method to structure unstructured free text data, thus 

functioning as a counterpart for SR. After all, in SR, text is inserted and stored in a 

structured way, but text mining can also assure this structured storage using computing 

power without the help of the reporter. By doing so, text mining can facilitate all kinds 

of postprocessing processes leading to, for instance, a structured report or specific 

relevant additions. 
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Natural Language Processing 

Natural Language Processing (NLP) is an AI approach that facilitates understanding of 

human language by computer interpretation [44, 52-54]. It is a tool that can be used for 

text mining purposes including the radiological report [46, 54, 55]. The process of 

analyzing a free text radiological report using NLP is typically divided into two steps: 1) 

preprocessing; document cleaning and preparing and 2) processing; actual task 

execution. In the preprocessing step the report is sectionized, spelling is corrected, 

abbreviations are expanded into full text, sentences are being split and negations are 

checked. Also important concepts (words or word combinations), measurements and 

context are extracted in this step [56-57]. In the processing step, a particular task is 

executed and the report is processed resulting in a specific output depending of the task. 

Hence, the report content can be staged, annotated or specific information can be 

extracted or added as necessary for its specific goal. An important remark is that the 

amount of data and the difficulty level of the task are both factors that force to use a 

rule based, hybrid or machine learning approach [52, 54]. For instance, all approaches 

can be used with large quantities of data. However, when only a small amount of data 

is available, a rule based or hybrid approach can be used only, as machine learning is 

typically infeasible in a small data set. 

 

Nowadays, NLP in healthcare is mainly applied in research settings, but there is already 

some routine use in radiology reporting [54, 56]. Different tasks in which NLP 

applications are used to mine the radiological report are cohort building, query-based 

case retrieval, clinical support, diagnostic support and quality assessment [54, 56]. 

Radiological applications that can be used in clinical practice mainly focus on diagnostic 

surveillance and clinical support. An example of a clinical supporting system is a tool 

that can detect the description for the term ‘fracture’ in the free text report, and, based 

on the type of described fracture, a real-time recommendation for an additional X-ray 

or MRI can be made [58]. The same is true for detection of pneumonia, in which a 

recommendation for antibiotics can be made based on the description in the 

radiological report [59, 60]. An example of a diagnostic surveillance tool is one that 

alerts a referring clinician in case an important outcome, such as thromboembolic 

disease, acute appendicitis or pneumonia, is being diagnosed [61-64]. The main goal of 
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all these NLP applications is to extract and process data, and thereby adding value to 

the radiological report (Fig. 3). 

 

 
Figure 3. Radiology reporting process and tools to increase the value of the radiological report; 

standardization, reporting guidelines, structured reporting and Natural Language Processing via data 

extraction and processing. 

 

NLP in oncology reporting 

When focusing on the oncological setting, NLP can also be used to ascertain oncological 

outcomes for regular follow up outcomes, follow up of acute oncological findings, tumor 

recurrence rates or for cancer registries and oncological classification [52, 65-72]. 

However, NLP for TNM staging has not been widely used. 

 

The oncological TNM classification system is a worldwide used and accepted 

classification system that assists with tumor-staging in oncological patients and stands 

for Tumor, (lymph)Node and Metastasis which are the important parameters in cancer 

staging [73]. Based on clinical, pathological and diagnostic information, an oncological 

patient is staged according to the TNM classification and adequate treatment can be 

given to achieve patients’ best outcome.  

 



21

1

Chapter 1 | Introduction, aims and outline of thesis

19 
 

Lung cancer is the most common oncological cause of death. Imaging is an important 

part of the diagnostic and staging process in lung cancer [74]. Each patient with this 

diagnosis will have a (PET-)CT of the chest to evaluate their cancer stage. The 

radiological report is used for communication of lung carcinoma staging and it is 

important that at least all items are described that are mandatory for tumor staging as 

mentioned in the TNM classification. In (PET-)CT reports, the description of tumor size, 

the local extension and tumor spread together determine a particular tumor stage. To 

assure this staging task, and to be as accurate and complete as possible, an NLP 

application might be used as a reporting support system. 

 

It is the right time and very important to explore how NLP can be used in radiology for 

free text mining purposes, as it can enhance the radiological process, and the 

radiological report in particular. Especially the oncological staging process of, for 

instance, lung cancer is of interest because of its importance for patients’ clinical staging 

and their treatment. Because this staging process is highly complex, it is a perfect use 

case to highlight the potential of such an NLP tool in radiology reporting. Probably even 

more importantly, it helps to explore its possibilities and find solutions for its 

imperfections. 

 

Aims and outline of this thesis 

The overall aim of this thesis is to better understand how to improve reporting in 

radiology. The projects that have led to this thesis focus on structured reporting and 

explore the usage of free text mining and NLP in radiology reporting. 

 

The specific research aims are: 

 To explore what structured reporting entails and what its definition is  

 To summarize efforts done on the subject of structured reporting and whether 

structured reporting is evidence based  

 To assess how free text mining and Natural Language Processing (NLP) can be 

used in a Dutch clinical setting concerning primary lung carcinoma T-staging 

according to the TNM classification system  
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 To assess how the rule-based NLP primary lung carcinoma T-staging algorithm 

can be translated and trained in an English setting  

 To extend the existing Dutch NLP T-staging algorithm towards a TN-staging 

algorithm  

 To extend the existing Dutch NLP TN-staging algorithm with PET-CT 

functionality and external validation  

 

This thesis is divided into two parts in which the first part focuses on structured 

reporting and the second part on how to use free text mining and NLP in radiology 

reporting. 

 

Chapter 2 elaborates on the current interpretation of what Structured Reporting is and 

suggests a proper definition of standardization and structured reporting. 

Chapter 3 is a narrative systematic review in which the evidence for structured 

reporting is assessed and gives an overview on the clinical implementation and 

outcomes. 

In Chapter 4, free text Dutch radiology reports are used to train and validate a rule 

based free text NLP algorithm that is capable of T-staging primary lung carcinoma 

according to the TNM oncology staging system.  

Chapter 5 describes the process of translating, training and validating the Dutch free 

text NLP T-staging algorithm for staging primary lung carcinoma into English, to 

explore its functionality in a different language. 

In Chapter 6, the extension of the Dutch NLP T-staging algorithm capable of staging 

primary lung carcinoma towards a TN-staging algorithm is described.  

Chapter 7 elaborates on adding an extra PET-CT functionality layer upon the already 

existing Dutch NLP TN-staging algorithm that can be used for staging lung carcinoma 

according to the TNM classification system.  

The current situation and knowledge as well as future perspectives regarding structured 

reporting and free text mining in radiology are discussed in Chapter 8.  
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Abstract  

Structured reporting is advocated as a means of improving reporting in radiology to the 

ultimate benefit of both radiological and clinical practice. Several large initiatives are 

currently evaluating its potential. However, with numerous characterizations of the 

term in circulation, ‘structured reporting’ has become ambiguous and is often confused 

with ‘standardization’, which may hamper proper evaluation and implementation in 

clinical practice. This paper provides an overview of interpretations of structured 

reporting and proposes a clear definition that differentiates structured reporting from 

standardization. Only a clear uniform definition facilitates evidence-based 

implementation, enables evaluation of its separate components, and supports (meta-) 

analyses of literature reports. 

 

Background 

Structured reporting is a buzzword in radiology used to refer to a potential means of 

improving the quality of radiology reports [1]. In their statement paper, the European 

Society of Radiology (ESR) state that quality, datafication/quantification and 

accessibility are the main functional needs for moving from traditional free text 

reporting to standardized and structured reporting [2]. 

Structured reporting is thought to improve consistency and reproducibility of the 

radiological report. This improves readability and clarity of the radiological report, but 

also facilitates data mining in clinical or research settings.   

Introduction of structured reporting led to the launch of several initiatives in the field 

and to numerous publications [3]. The main purpose of most published articles has been 

to describe the process of improving radiological reports by implementing “structured 

reporting”. However, various assumptions of what structured reporting involves are 

circulating in the literature, which has led to confusion as to its actual meaning. 

Relatively few studies define the term structured reporting or search for evidence-based 

recommendations, whereas both may be pivotal to successful implementation. This 

paper aims to redefine structured reporting by proposing distinctions between 

standardization and structured reporting. 
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Definition 

In the statement paper on structured reporting in radiology the ESR makes a valuable 

contribution to the understanding of structured reporting and its implementation [3]. 

The society clearly describes the necessity of structured reporting in clinical practice by 

addressing a) the requirements and b) implementation strategies. They state that “the 

need to use uniform language and structure to accurately discuss findings in radiology 

is the basis for developing the concept of structured reporting” [3]. In their statement 

paper, a definition for structured reporting is set by describing three levels of structured 

reporting according to Weiss [4]:  

1. Structured format: which paragraph(s) or subheading(s) should be used? 

2. Consistent organization: which items should be reported in which order? 

3. Consistent use of dedicated terminology: which lexicon or ontology should be 

implemented (i.e. standard language)? 

 

This definition describes levels of structured reporting but does not address the 

definition of structured reporting itself. Actually, these levels address both standardized 

reporting as well as structured reporting, but do not highlight its separate function. We 

agree that there is a need for standardization: standardization of the format of the 

report, standardization of the medical content and standardization of vocabulary used. 

However, standardized reporting is not the same as structured reporting. Thus, an 

important step towards a uniform definition is to differentiate between standardization 

and structured reporting.  

 

What is standardization? 

Almost 100 years ago, Hickey suggested standardization in X-ray reporting, stating that 

it should “streamline [the] reporting manner and nomenclature to increase the value of 

the written report and its scientific accuracy” [5]. This definition is still relevant today, 

because standardization is aimed at improving the accuracy of the medical content of a 

radiological report. 

Investigations in this field have focused on whether the radiological report can match a 

certain standard, such as content or lay-out, or whether using certain unambiguous 

vocabulary is feasible. Grading systems such as BI-RADS [6], PI-RADS [7], and lexicons 
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such as RadLex [8], are initiatives developed to increase the level of standardization in 

the radiological report. Such initiatives are considered to streamline and enhance 

understanding of the medical content, thus improving accuracy. 

 

Proposed definition: Standardized reporting is a means of 

streamlining the medical content of a radiological report 

 

What is (real) structured reporting? 

Unlike standardized reporting, the definition of structured reporting is less clear in 

current literature. There is a wide variety of definitions, which makes the subject 

difficult to investigate and implement. Three recent examples are: 

a) “A report is qualified as structured when all of the relevant information and 

diagnostic impressions are included, following specific terms and descriptors previously 

defined, as well as a predefined design” [9] 

 

b) “Structured reporting is “the creation of standardized, organized information from 

templates via menus into a natural-sounding language report” [10] 

 

c) “Structured reporting means the use of predefined formats and terms to create 

reports; in this sense, structured reports are those based on templates or checklists” [11] 

 

A common factor seen in most definitions is that structured reporting must help the 

writer create their report, through either a predefined design, template, or a checklist. 

In 2005, Sistrom et al. [12] stated that “structured reporting represents simply one set of 

computer tools aimed at reducing variability and enhancing the clinical utility of formal 

radiology interpretations.” This adds to previous definitions in that structured reporting 

should be a computer tool that helps the reporter generate the report. To our mind, this 

is the clue to understanding the term structured reporting. 
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Proposed definition: Structured reporting is the use of an IT-based 

means of importing and arranging medical content in the 

radiological report. 

 

In addition to the definition of the ESR, we pose that structured reporting is the way of 

creating the actual report by means of IT. By creating this distinction it is possible to 

appreciate two independent factors which independently can influence the report 

quality. One being standardization and one being the way of creating the report. 

Our definition of structured reporting is more similar to the definition as proposed by 

Weiss et al. [13]. They distinguish between the use of templates or macros (‘level 1’) and 

structured reporting (‘level 2’): a template or macro is a blueprint for the definitive 

report, and structured reporting is the tool used to convert medical content into the 

report. We propose to name level 1 structured lay-out [10], and level 2 structured 

content. 

 

Level 1: Structured lay-out 

Structured lay-out presents the findings in a strict, predefined order, creating and 

maintaining uniformity. It looks like a template or blueprint of the report. For example, 

standard headers such as title of examination, history/indication, technique, 

comparison, findings and conclusion create consistency [14]. In addition, standard 

sections can be used to indicate content, and subdivisions can be used to arrange longer 

reports. Examples include ‘head to toe’, ‘hierarchical’, which implies that the most 

important items are reported first, or ‘itemized’, in which a fixed ordering such as ‘heart-

lungs-liver-spleen-pancreas-etc.’ is used [13, 15] (Fig. 1). 
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Figure 1.  Structured reporting level 1: Structured lay-out. Examples of structured lay-out. Standardized 

reports use a standardized order (free text), in hierarchical reports the most important items are 

mentioned first. The itemized report uses fixed headings. 

 

Level 2: Structured content 

Structured content is the manner in which the medical content is arranged and 

displayed in the report. This is the more technical aspect of IT-guided content 

generation. Examples mentioned in literature are drop down menus [16], pick lists [17] 

or point-and-click systems [12, 18, 19]. Gap filling is another form of structured content 

reporting, where blanks left in sentences must be filled with a specific phrase or word. 

One example of this concept is flowchart-guided input, such as SPIDER (Structured 

Platform-Independent Data Entry and Reporting) [18] (Fig. 2).   
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Figure 2. Structured reporting level 2: Structured content. Examples of structured content. In a drop down 

menu, the reporter chooses from several options in a different fashion than in a pick list or point-and-click 

system. Gap filling allows the reporter to fill in the blanks, whereas in a flowchart-guided report options 

are followed by a certain input made earlier in the reporting process. 

 

Discussion 

The recent literature seems to classify any and every change in generating radiological 

reports as structured reporting. The lack of a clear definition therefore has led to 

widespread confusion between the terms standardization and structured reporting.  

By distinguishing standardization, with level 1 and level 2 structured reporting as 

separate concepts, it becomes clearer that structured reporting is more than simply 

changing the radiological report. We argue that it is critical to distinguish these three 

concepts, because each tackles the problem of improving reporting in radiology at 

another level.  

Structured reporting should by definition include an IT-based tool or system supporting 

the reporter when creating the actual report and can be supported by an IT-based tool 

Drop down menu  

 

Pick list / point-and-click 

o 
o 
o 

o 

Gap filling  
 
 
 

The left kidney has …….. pyelum 
with ………. diameter of the ureter. 

 Flowchart-guided 
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that orders the report into a certain lay-out (level 1), or can be constructed by an IT-

based tool that inserts predefined medical content (level 2). 

Although the final radiological report may be identical in terms of readability and clarity 

regardless which structured reporting method has been used, it is important to realize 

that the choice of a specific IT tool to create the report significantly influences future 

data mining possibilities. Reports that are generated with drop down menus (level 2) 

can be mined with minimal effort, because outcomes (options) are already stored as 

structured data. However, reports that are created with only level 1 structured reporting 

(e.g. hierarchical structure or reports with subheadings) may be more difficult to mine, 

because data elements are stored with less structure or as non-structured free text. 

Therefore, the choice for a specific type of structured reporting should also be 

determined by the intended data mining target and the data mining method. 

Standardization, on the other hand, is not a tool that supports the reporting process 

itself, but is an agreement about the content of the report in order to enhance its 

uniformity when implemented. This enhances the idea that standardization needs to be 

implemented before structured reporting to benefit clinical practice most. In other 

words, the medical content should be clearly defined and streamlined first, before it can 

be incorporated into an IT-based system facilitating structured reporting. Moreover, 

also standardization facilitates data mining by enhancing the consistency of used 

vocabulary. 

Furthermore, this two-tiered definition provides a clear distinction between the clinical 

and IT-based challenges that must be overcome to improve reporting in radiology. 

Standardization should be developed in clinical practice, whereas structured reporting 

is developed by or in collaboration with vendors of IT-based reporting tools.  

Currently, it seems that developments in the field of structured reporting are driven 

more by intuition, rather than actual scientific evidence. To our mind, reliable, 

evidence-based recommendations for implementing structured reporting can only be 

obtained by distinguishing between – and separately evaluating – standardization and 

structured reporting. Only proper differentiation between these concepts improves 

dedicated research, enables pooling and analysis of published data, and allows for 

proper implementation. 
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Conclusion 

When incorporating structured reporting in clinical practice, it is important to consider 

its different forms, specific targets as well as its specific demands. In combination with 

proper standardization, the value of the radiological report can increase and data 

mining can be facilitated. Research and implementation should focus on the separate 

effects of standardized reporting and structured reporting, as both have its own value 

and impact in the process of reporting.  
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Abstract  

Objectives: Structured reporting (SR) in radiology reporting is suggested to be a 

promising tool in clinical practice. In order to implement such an emerging innovation, 

it is necessary to verify that radiology reporting can benefit from SR. Therefore, the 

purpose of this systematic review is to explore the level of evidence of structured 

reporting in radiology. Additionally, this review provides an overview on the current 

status of SR in radiology.  

Methods: A narrative systematic review was conducted, searching PubMed, Embase and 

the Cochrane Library using the syntax ‘radiol*’ AND ‘structur*’ AND ‘report*’. 

Structured reporting was divided in SR level 1, structured lay-out (use of templates and 

checklists), and SR level 2, structured content (a drop down menu, point-and-click or 

clickable decision trees). Two reviewers screened the search results and included all 

quantitative experimental studies that discussed SR in radiology. A thematic analysis 

was performed to appraise the evidence level.  

Results: The search resulted in 63 relevant full text articles out of a total of 8561 articles. 

Thematic analysis resulted in 44 SR level 1 and 19 level 2 reports. Only one paper was 

scored as highest level of evidence, which concerned a double cohort study with 

randomized trial design.  

Conclusion: The level of evidence for implementing SR in radiology is still low and 

outcomes should be interpreted with caution.  

 

Introduction 

The area of radiology is an ever-innovating field with new applications, such as speech 

recognition systems and the introduction of Picture Archiving and Communication 

System (PACS), leading to digitalization and new possibilities in radiology reporting [1, 

2]. The recent introduction of different types of structured reporting (SR) further 

accelerates initiatives in the field of reporting and many radiology departments use 

some sort of SR already [3]. The magnitude of this trend and its promotion by large 

radiological societies, such as the Radiological Society of North America (RSNA) and 

the European Society of Radiology (ESR), suggests that this way of reporting is 
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promising and that implementation of SR in clinical practice should be seriously 

considered [4, 5]. Overall, SR has been thought to be the key to improve clinical and 

radiological workflow. 

The main goal of implementing SR seems to be enhancing the content of the 

radiological report as well as the reporting process itself. Due to increasing imaging 

possibilities, larger data sets and the availability of more specific treatments, details 

become ever more important. The radiological report should arrange this huge amount 

of information into a readable (legible) text containing the most accurate and specific 

information that is needed to make accurate decisions to treat the patient best. This 

renders the radiological reporting process more complicated and time consuming.  

To accommodate this increasing demand of information, several tools have been 

proposed to improve the quality of the radiological report. Standardization tools 

(RECIST (Response Evaluation Criteria in Solid Tumors), Fleischner glossary, the RADS 

(Reporting And Data System) collection) [6, 7, 8], are created to be more accurate on 

describing pathology and its extension or evolution, to ensure that the content of the 

report is accurate. On the other hand, reporting tools, such as structured reporting and 

reporting guidelines, are constructed in order to enhance the reporting process; this 

concept is in literature generally referred to as “structured reporting”.  

However, before implementation of SR, it is necessary to provide evidence to justify its 

introduction and implementation in the clinical workflow with a systematic review. As 

there is a plethora of definitions and interpretations of SR present in literature, a clear 

definition had to be determined for this review. The definition “structured reporting is 

an IT-based method to import and arrange the medical content into the radiological 

report”, as coined by Nobel et al. [9], was used. The main purpose of this systematic 

review is to explore the level of evidence of structured reporting. Additionally, this 

review provides an overview on the current status of SR in radiology.  

 

Materials and methods 

A systematic search was conducted according to the Preferred Reporting Items for 

Systematic reviews and Meta-Analyses (PRISMA) criteria [10] and results were further 

categorized using a thematic analysis approach [11]. Results were analysed and 
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interpreted consistently with a textual narrative synthesis to visualize the similarities 

and differences among various methodologies in study design [12]. The next step was to 

determine the level of evidence of the studies. Because of the heterogeneity in study 

design, the simplified grading system (level A/B/C) according to Siwek et al. [13] was 

used to determine the strength of evidence on which outcomes were based. 

Randomized controlled trials are considered level A. Level B studies consist of all other 

evidence except for expert opinions or commentaries, which is level C. The groups were 

ordered on publication year followed by an alphabetical order. In case of discrepancy, 

consensus was reached between two authors (JMN and KG). 

 

Literature review protocol 

A literature search was conducted by searching PubMed, Embase and the Cochrane 

Library up to 10 August 2020. To include relevant papers, a wide search strategy was 

applied using the combination of the synonyms of ‘radiology’, ‘structure’ and ‘reporting’ 

(radiol* AND structur* AND report*).  

 

Eligibility and study selection 

All quantitative experimental studies that discussed SR in radiology have been included. 

After removing duplicates, title and abstract were independently screened on relevance 

by two authors. The following articles were excluded: articles that did not discuss 

structured reporting in radiology, comments or expert opinions (Level C [13]), articles 

not in English, German or Dutch, or those without full text availability. Bibliographies 

of included studies were searched in order to find additional relevant papers.  

 

Definition of Structured Reporting (SR) 

The definition “structured reporting is an IT-based method to import and arrange the 

medical content into the radiological report” [9], was used to frame the field of interest. 

This definition acknowledges a difference between SR and standardized reporting. 

Standardized reporting refers to the increase of uniformity of the report content with 

standardization tools (e.g. RECIST, Fleischner glossary, the RADS collection [6, 7, 8]). 

SR refers to the use of specific tools (structured reporting or reporting guidelines) that 

can be used to properly build, structure or fill the radiological report itself. This 



47

3

Chapter 3 | Structured reporting in radiology: a systematic review to explore its potential 

44 
 

differentiation is necessary to be able to only include the right studies which change the 

reporting process and not studies that merely change, for instance, the vocabulary used.  

Additionally, SR is subdivided into structured lay-out (SR level 1) and structured content 

(SR level 2) [9]. In this stratification model, structured lay-out (SR level 1) is defined as 

being a template or blueprint format in which the reporter has to report or has to adjust 

to. Structured content (SR level 2) is a manner in which the content of the radiology 

report can be inserted and displayed into the report (Fig. 1). As such, structured lay-out 

(e.g. templates and checklists), and structured content (e.g. drop down menu, point-

and-click or clickable decision trees) highlight the level of IT involvement when 

implementing SR. This subdivision is used to be able to categorize the types of SR found 

in the included studies. 

 

 
Figure 1. Examples of different levels of structured reporting; these are examples of IT-based tools to 

insert specific textual items into the radiological report, for instance with the use of a drop down menu in 

which an option can be chosen out of a particular list, or by using a point-and-click / pick list which in 

turn can open a new point-and-click/pick list option in order to build the report. SR level 1 = Structured 

lay-out: itemized, itemized-checklist; in these examples the obligated items or possible options are 

already stated in the template to ensure its presence. SR level 2 = Structured content: drop down menu, 

point-and-click/pick list. 
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Results 

The literature search retrieved 4233, 6746 and 173 articles (total 11152) from PubMed, 

Embase and the Cochrane Library databases respectively. 2591 duplicates were removed. 

Title and abstract of 8561 articles were assessed by JMN and KG on, which resulted in 

58 relevant articles. Full text was available for 56 articles. Bibliography search resulted 

in 7 additional studies, leading to a total of 63 studies that were included (Fig. 2, Table 

1). No reviews were found. Due to the heterogeneity of included studies, it was neither 

possible to perform a meta-analysis nor to pool the results.  

 
 

 
 
 
Figure 2. Search flow chart. SR = structured reporting



49

3

Chapter 3 | Structured reporting in radiology: a systematic review to explore its potential 

46
 

  

 
Le

ve
l o

f 
ev

id
en

ce
 

C
on

tr
ol

  
  I

nt
er

ve
n

ti
on

 
Su

bs
pe

ci
al

ty
/ 

fi
el

d 
In

di
ca

ti
on

 
M

od
al

it
y 

O
ut

co
m

e(
s)

 

 St
ru

ct
ur

ed
 la

yo
ut

 (S
R

 le
ve

l 1
) –

 O
ne

 T
em

pl
at

e 
 

 

D
im

ar
co

 e
t a

l. 
(2

02
0)

14
 

B 
Fr

ee
 te

xt
 

St
ru

ct
ur

ed
 it

em
iz

ed
 te

m
pl

at
e 

w
it

h 
fo

ur
 

pa
rt

s 
an

d 
se

ve
ra

l k
ey

 it
em

s 
A

bd
om

en
 

Pa
nc

re
at

ic
 d

uc
ta

l 
ad

en
oc

ar
ci

no
m

a 
 

C
T 

Si
gn

ifi
ca

nt
 r

ed
uc

tio
n 

of
 

m
is

si
ng

 m
or

ph
ol

og
ic

al
 a

nd
 

va
sc

ul
ar

 fe
at

ur
es

 
Im

pr
ov

em
en

t i
nt

er
-r

ea
de

r 
ag

re
em

en
t  

G
up

ta
 e

t a
l. 

(2
02

0)
15

 
B 

Fr
ee

 te
xt

 
A

dd
ed

 14
 e

ss
en

ti
al

 p
ar

am
et

er
s 

 
A

bd
om

en
 

Re
ct

al
 c

an
ce

r 
st

ag
in

g 
M

RI
 

 
Si

gn
ifi

ca
nt

 r
ep

or
t q

ua
lit

y 
im

pr
ov

em
en

t  
Re

fe
rr

in
g 

pr
ov

id
er

 
sa

ti
sf

ac
ti

on
 im

pr
ov

ed
 

M
cF

ar
la

nd
 

(2
02

0)
16

 
B 

Fr
ee

 te
xt

 
Fr

ee
 fo

rm
 s

tr
uc

tu
re

d 
it

em
iz

ed
 te

m
pl

at
es

 
A

bd
om

en
 

V
ar

io
us

 
C

T 
Le

ss
 r

ep
or

tin
g 

er
ro

rs
 

po
te

nt
ia

lly
 r

ed
uc

in
g 

 
Th

e 
re

po
rt

 w
or

d 
le

ng
th

 d
id

 
no

t d
iff

er
 

O
lt

ho
f e

t a
l. 

(2
02

0)
17

 
B 

Fr
ee

 te
xt

 
A

dd
iti

on
al

 te
m

pl
at

e 
w

ith
 k

ey
 it

em
s 

fo
r 

cr
it

ic
al

 fi
nd

in
gs

 
N

eu
ro

lo
gy

 
C

N
S 

m
et

as
ta

si
s 

M
RI

 
A

ut
om

at
ed

 in
se

rt
io

n 
of

 
co

nt
ex

t-
de

pe
nd

en
t d

at
a 

an
d 

re
qu

ir
ed

 e
le

m
en

ts
 is

 
fe

as
ib

le
 

G
ui

de
lin

e 
ad

he
re

nc
e 

co
nc

er
ni

ng
 c

ri
tic

al
 fi

nd
in

gs
 

im
pr

ov
ed

 
A

le
ss

an
dr

in
o 

et
 

al
. (

20
19

)18
 

B 
Fr

ee
 te

xt
 

A
dd

in
g 

ke
y 

fe
at

ur
es

 c
on

ce
rn

in
g 

in
he

ri
te

d 
ne

ur
om

us
cu

la
r d

is
or

de
rs

 
M

us
cu

lo
sk

el
et

al
 

ra
di

ol
og

y 
Lo

w
er

 li
m

b 
in

he
ri

te
d 

ne
ur

om
us

cu
la

r 
di

so
rd

er
  

M
RI

 
M

or
e 

cl
in

ic
al

ly
 r

el
ev

an
t 

di
se

as
e 

m
an

ag
em

en
t 

in
fo

rm
at

io
n 

 
B

en
so

n 
et

 a
l. 

(2
01

9)
19

 
B 

Fr
ee

 te
xt

 
St

ru
ct

ur
ed

 te
m

pl
at

e 
w

ith
 th

re
e 

op
ti

on
s 

to
 

sc
or

e 
C

N
S 

m
et

as
ta

si
s 

af
te

r 
RT

 
N

eu
ro

lo
gy

 
C

N
S 

m
et

as
ta

si
s 

M
RI

 
 

D
ec

re
as

in
g 

no
n-

sp
ec

ifi
c 

de
sc

ri
pt

io
n 

 
Im

pr
ov

in
g 

di
sc

re
te

 
ch

ar
ac

te
ri

za
ti

on
 



50

3

47
 

 

U
sa

ge
 o

f n
on

-s
pe

ci
fic

 
la

ng
ua

ge
 u

sa
ge

 d
id

 n
ot

 
di

ffe
r 

G
or

e 
et

 a
l. 

(2
01

9)
20

 
B 

Fr
ee

 te
xt

 
Te

m
pl

at
e 

w
ith

 h
ea

di
ng

s 
ac

co
rd

in
g 

to
 B

T-
RA

D
S 

N
eu

ro
lo

gy
 

Br
ai

n 
tu

m
or

 (B
T-

RA
D

S)
 

M
RI

 
Pe

rc
ep

ti
on

 im
pr

ov
em

en
t 

am
on

g 
ra

di
ol

og
is

ts
 a

nd
 

re
fe

rr
in

g 
pr

ov
id

er
s 

Li
u 

et
 a

l. 
(2

01
9)

21
 

B 
Fr

ee
 te

xt
 

St
ru

ct
ur

ed
 it

em
iz

ed
 te

m
pl

at
e 

w
it

h 
ke

y 
fe

at
ur

es
 a

nd
 s

ta
nd

ar
di

ze
d 

en
tr

ie
s 

A
bd

om
en

 
En

do
m

et
ri

al
 

ca
nc

er
 

M
RI

 
In

cr
ea

si
ng

 r
ad

io
lo

gi
st

s’ 
w

or
k 

ef
fic

ie
nc

y 
an

d 
gy

na
ec

ol
og

is
ts

’ s
at

is
fa

ct
io

n 
W

et
te

ra
ue

r 
et

 a
l. 

(2
01

9)
22

 
B 

Fr
ee

 te
xt

 
St

ru
ct

ur
ed

 r
ep

or
ts

 w
it

h 
PI

-R
A

D
S 

ke
y 

fe
at

ur
es

 
A

bd
om

en
 

Pr
os

ta
te

 c
an

ce
r 

(P
I-

RA
D

S)
 

M
RI

 
U

ro
lo

gi
st

s’ 
su

rg
ic

al
 

pl
an

ni
ng

 w
as

 fa
ci

lit
at

ed
 b

y 
be

tt
er

 a
ss

es
si

ng
 e

xa
ct

 
tu

m
or

 lo
ca

ti
on

 
Im

pr
ov

ed
 s

at
is

fa
ct

io
n 

re
fe

rr
in

g 
ph

ys
ic

ia
n 

B
in

k 
et

 a
l. 

(2
01

8)
23

 
B 

Fr
ee

 te
xt

  
It

em
iz

ed
 te

m
pl

at
e 

(1
7 

tu
m

or
 it

em
s)

 
N

eu
ro

lo
gy

 
Br

ai
n 

tu
m

or
 

st
ag

in
g 

M
RI

 
Te

m
pl

at
e 

en
su

re
d 

re
lia

bl
e 

de
te

ct
io

n 
of

 a
ll 

re
le

va
nt

 
pr

ed
ef

in
ed

 it
em

s 
an

d 
re

pr
od

uc
ib

le
 

do
cu

m
en

ta
ti

on
 

G
ri

ff
in

 e
t a

l. 
(2

01
8)

24
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 te
m

pl
at

e 
w

ith
 T

I-
RA

D
S 

an
d/

or
 

m
an

ag
em

en
t i

nt
eg

ra
ti

on
  

H
ea

d 
an

d 
N

ec
k 

Th
yr

oi
d 

no
du

le
s 

(T
I-

RA
D

S)
 

U
lt

ra
so

un
d 

Be
tt

er
 fe

at
ur

e 
de

sc
ri

pt
io

n 
A

C
R 

TI
RA

D
S 

us
ag

e 
su

bs
ta

nt
ia

lly
 im

pr
ov

ed
 

m
an

ag
em

en
t 

re
co

m
m

en
da

ti
on

s 
M

ag
ne

tt
a 

et
 a

l. 
(2

01
8)

 25
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 te
m

pl
at

e 
us

in
g 

PI
-R

A
D

S 
A

bd
om

en
 

Pr
os

ta
te

 (P
I-

RA
D

S)
 

M
RI

 
Im

pr
ov

ed
 c

om
m

un
ic

at
io

n 
an

d 
cl

in
ic

al
 r

ep
or

t i
m

pa
ct

 
w

it
h 

re
fe

rr
in

g 
ur

ol
og

is
ts

  
O

lt
ho

f e
t a

l. 
(2

01
8)

26
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 R
EC

IS
T 

te
m

pl
at

e 
V

ar
io

us
 

RE
C

IS
T 

C
T 

C
om

bi
na

tio
n 

of
 o

pt
im

iz
ed

 
w

or
kf

lo
w

, s
ub

sp
ec

ia
liz

at
io

n 
an

d 
SR

 le
d 

to
 s

ig
ni

fic
an

tl
y 

be
tt

er
 r

ep
or

t q
ua

lit
y 

 
P

ou
ll

os
 e

t a
l. 

(2
01

8)
27

 
B 

Fr
ee

 te
xt

 
It

em
iz

ed
 te

m
pl

at
e 

A
bd

om
en

 
H

ep
at

oc
el

lu
la

r 
ca

rc
in

om
a 

C
T 

 
A

ss
es

sm
en

t o
f t

ra
ns

pl
an

t 
su

it
ab

ili
ty

 im
pr

ov
ed

 u
si

ng
 

M
ila

n 
cr

it
er

ia
 



51

3

Chapter 3 | Structured reporting in radiology: a systematic review to explore its potential 

48
 

 

Te
rs

te
eg

 e
t a

l. 
(2

01
8)

28
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 te
m

pl
at

e 
w

ith
 in

co
rp

or
at

ed
 

gu
id

el
in

es
 a

nd
 k

ey
 fe

at
ur

es
 

A
bd

om
en

 
Re

ct
al

 c
an

ce
r 

st
ag

in
g 

M
RI

 
M

or
e 

co
m

pl
et

e 
re

po
rt

 

Fl
us

be
rg

 e
t a

l. 
(2

01
7)

29
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 te
m

pl
at

e 
in

co
rp

or
at

in
g 

in
cl

ud
in

g 
LI

-R
A

D
S 

A
bd

om
en

 
H

ep
at

oc
el

lu
la

r 
ca

rc
in

om
a 

(L
I-

RA
D

S)
 

M
RI

 /
 C

T 
M

or
e 

co
m

pr
eh

en
si

ve
 a

nd
 

co
ns

is
te

nt
 r

ep
or

tin
g 

 

Fr
an

co
ne

ri
 e

t a
l. 

(2
01

7)
30

 
B 

Fr
ee

 te
xt

 
D

is
ea

se
 s

pe
ci

fic
 it

em
iz

ed
 te

m
pl

at
e 

 
A

bd
om

en
 

U
te

ri
ne

 fi
br

oi
d 

M
RI

 
Fe

w
er

 k
ey

 fe
at

ur
es

 w
er

e 
m

is
se

d 
M

or
e 

he
lp

fu
l f

or
 tr

ea
tm

en
t 

pl
an

ni
ng

 &
 u

nd
er

st
an

di
ng

 
P

ys
ar

en
ko

 e
t a

l. 
(2

01
7)

31
 

B 
Fr

ee
 te

xt
 

Te
m

pl
at

e 
w

ith
 8

 it
em

iz
ed

 k
ey

-e
le

m
en

ts
 

A
bd

om
en

 
V

ar
io

us
 

U
lt

ra
so

un
d 

Im
pr

ov
ed

 r
ei

m
bu

rs
em

en
t 

W
il

dm
an

-
To

br
in

er
 e

t a
l. 

(2
01

7)
32

  

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 te
m

pl
at

e 
A

bd
om

en
 

IB
D

 
C

T 
 

 
K

ey
 fe

at
ur

e 
re

po
rt

in
g 

im
pr

ov
ed

 
M

in
im

al
 im

pa
ct

 o
n 

ac
cu

ra
cy

 
SR

 r
ep

or
ts

 w
er

e 
pr

ef
er

re
d 

by
 r

ef
er

ri
ng

 p
hy

si
ci

an
s 

W
il

dm
an

-
To

br
in

er
 e

t a
l. 

(2
01

7)
33

 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 te
m

pl
at

e 
w

ith
 15

 k
ey

 e
le

m
en

ts
 

A
bd

om
en

 
Pe

di
at

ri
c 

C
ro

hn
’s 

di
se

as
e 

 
M

RI
 

Si
gn

ifi
ca

nt
ly

 in
cr

ea
si

ng
 o

n 
ke

y 
fe

at
ur

es
 m

en
ti

on
in

g 
Re

fe
rr

in
g 

cl
in

ic
ia

ns
 

su
bj

ec
ti

ve
ly

 p
re

fe
rr

ed
 S

R 
D

ic
ke

rs
on

 e
t a

l. 
(2

01
6)

34
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 te
m

pl
at

e 
w

ith
 12

 k
ey

 fe
at

ur
es

 
Br

ai
n 

M
S 

M
RI

 
In

cr
ea

se
d 

ra
te

 r
el

ev
an

t 
fin

di
ng

s 
 

St
an

da
rd

iz
ed

 re
po

rt
s 

ar
e 

pr
ef

er
re

d 
by

 n
eu

ro
lo

gi
st

s 
 

B
ro

ok
 e

t a
l. 

(2
01

5)
 35

 
B 

Fr
ee

 te
xt

 
It

em
iz

ed
 te

m
pl

at
e 

w
ith

 12
 k

ey
 fe

at
ur

es
 

A
bd

om
en

 
Pa

nc
re

at
ic

 c
an

ce
r 

C
T 

Su
pe

ri
or

 e
va

lu
at

io
n 

Fa
ci

lit
at

ed
 s

ur
gi

ca
l 

pl
an

ni
ng

 
In

cr
ea

se
d 

su
rg

eo
ns

’ 
co

nf
id

en
ce

 c
on

ce
rn

in
g 

tu
m

or
 r

es
ec

ta
bi

lit
y 

 
Sa

hn
i e

t a
l. 

(2
01

5)
36

 
B 

Fr
ee

 te
xt

 
Te

m
pl

at
e 

w
ith

 14
 it

em
iz

ed
 q

ua
lit

y 
m

ea
su

re
s 

A
bd

om
en

 
Re

ct
al

 c
an

ce
r 

st
ag

in
g 

M
RI

 
Re

po
rt

 q
ua

lit
y 

im
pr

ov
ed

, 
30

%
 o

f r
ep

or
ts

 r
em

ai
ne

d 
un

sa
ti

sf
ac

to
ry

  



52

3

49
 

 

Si
lv

ei
ra

 e
t a

l. 
(2

01
5)

37
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 te
m

pl
at

e 
an

d 
co

m
pu

te
r-

ai
de

d 
di

ag
no

si
s 

A
bd

om
en

 
Pr

os
ta

te
 

M
RI

 
Im

pr
ov

in
g 

re
po

rt
 q

ua
lit

y 
Im

pr
ov

in
g 

co
nt

ra
st

 
en

ha
nc

em
en

t k
in

et
ic

 c
ur

ve
 

Li
n 

et
 a

l. 
(2

01
4)

38
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 c
he

ck
lis

t-
ba

se
d 

te
m

pl
at

e 
N

eu
ro

lo
gy

 /
 

Tr
au

m
a 

C
er

vi
ca

l s
pi

ne
 

C
T 

Si
gn

ifi
ca

nt
 d

ec
re

as
e 

in
 

m
is

se
d 

no
n-

fr
ac

tu
re

 
fin

di
ng

s 
 

N
o 

ch
an

ge
 in

 m
is

se
d 

fr
ac

tu
re

s 
 

M
ar

co
vi

ci
 e

t a
l. 

(2
01

4)
39

 
B 

Fr
ee

 te
xt

 
Pr

ep
op

ul
at

ed
 it

em
iz

ed
 c

he
ck

lis
t t

em
pl

at
e 

Th
or

ax
 

V
ar

io
us

 
X

-r
ay

 
Te

m
pl

at
es

 a
re

 m
or

e 
co

m
pl

et
e 

an
d 

m
or

e 
ef

fe
ct

iv
e 

 
P

ow
el

l e
t a

l. 
(2

01
4)

40
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 c
he

ck
lis

t-
ba

se
d 

te
m

pl
at

e 
N

eu
ro

lo
gy

 /
 

Tr
au

m
a 

M
ax

ill
of

ac
ia

l  
C

T 
N

o 
im

pr
ov

em
en

t o
n 

re
po

rt
 

ac
cu

ra
cy

 o
f r

ad
io

lo
gy

 
re

si
de

nt
s 

 
Fo

cu
se

d 
tr

ai
ni

ng
, c

he
ck

lis
t 

fle
xi

bi
lit

y,
 a

nd
 a

n 
ad

ju
st

m
en

t p
er

io
d 

ar
e 

im
po

rt
an

t  
O

nl
y 

m
an

da
to

ry
 c

he
ck

lis
ts

 
w

er
e 

re
ad

ily
 a

do
pt

ed
 b

y 
re

si
de

nt
s 

 
Fr

as
er

 e
t a

l. 
(2

01
3)

41
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 te
m

pl
at

e 
w

ith
 d

iff
er

en
t o

pt
io

ns
 

(p
ap

er
) 

H
ea

d 
an

d 
N

ec
k 

C
er

vi
ca

l 
ly

m
ph

ad
en

op
at

hy
 

U
lt

ra
so

un
d 

In
cr

ea
se

d 
re

po
rt

 s
tr

ea
m

lin
e 

 

 St
ru

ct
ur

ed
 la

yo
ut

 (S
R

 le
ve

l 1
) –

 M
ul

ti
pl

e 
te

m
pl

at
es

 
 

 

C
hu

ng
 e

t a
l. 

(2
02

0)
42

 
B 

Fr
ee

 te
xt

 
Se

ve
n 

di
ffe

re
nt

 c
ro

ss
-d

iv
is

io
na

l 
st

an
da

rd
iz

ed
 s

tr
uc

tu
re

d 
re

po
rt

s 
Th

or
ax

 
V

ar
io

us
 

X
-r

ay
 

Im
pr

ov
em

en
t o

f e
co

no
m

ic
 

ga
in

s 
an

d 
pr

oj
ec

te
d 

ra
di

ol
og

is
t t

im
e 

H
an

na
 e

t a
l. 

(2
01

6)
43

 
B 

Fr
ee

 te
xt

 
Se

ve
n 

di
ffe

re
nt

 it
em

iz
ed

 te
m

pl
at

es
 (4

 C
Ts

, 
2 

X
-r

ay
s,

 1 
ul

tr
as

ou
nd

) 
Em

er
ge

nc
y 

V
ar

io
us

 
V

ar
io

us
 

D
ec

re
as

e 
of

 d
ic

ta
tio

n 
ti

m
e 

D
ec

re
as

e 
of

 to
ta

l w
or

d 
le

ng
th

 in
 s

om
e 

ca
se

s 
M

ix
ed

 im
pa

ct
 o

n 
to

ta
l 

re
po

rt
in

g 
ti

m
e 



53

3

Chapter 3 | Structured reporting in radiology: a systematic review to explore its potential 

50
 

 

H
aw

ki
ns

 e
t a

l. 
(2

01
4)

44
 

B 
Fr

ee
 te

xt
 

22
8 

di
ffe

re
nt

 p
re

po
pu

la
te

d 
te

m
pl

at
es

 
w

hi
ch

 m
ay

 c
on

si
st

 a
 p

ic
k 

lis
t, 

fil
l-

in
-f

ie
ld

 
an

d/
or

 p
ro

se
 d

ic
ta

ti
on

 

V
ar

io
us

 
V

ar
io

us
 

V
ar

io
us

 
C

ar
ef

ul
ly

 c
on

st
ru

ct
ed

 
st

ru
ct

ur
ed

 r
ep

or
ts

 c
an

 h
el

p 
re

du
ci

ng
 e

rr
or

s 
La

rs
on

 e
t a

l. 
(2

01
3)

45
 

B 
Fr

ee
 te

xt
 

22
8 

di
ffe

re
nt

 p
re

po
pu

la
te

d 
te

m
pl

at
es

 
w

hi
ch

 m
ay

 c
on

si
st

 a
 p

ic
k 

lis
t, 

fil
l-

in
-f

ie
ld

 
an

d/
or

 p
ro

se
 d

ic
ta

ti
on

 

V
ar

io
us

 
V

ar
io

us
 

V
ar

io
us

 
H

ig
h 

im
pl

em
en

ta
tio

n 
ad

ap
ta

ti
on

 r
at

e 
  

H
aw

ki
ns

 e
t a

l. 
(2

01
2)

46
 

B 
Fr

ee
 te

xt
 

D
iff

er
en

t p
re

po
pu

la
te

d 
te

m
pl

at
es

 
V

ar
io

us
 

V
ar

io
us

 
V

ar
io

us
 

Pr
ep

op
ul

at
ed

 r
ep

or
ts

 a
lo

ne
 

do
 n

ot
 a

ffe
ct

 e
rr

or
 r

at
e 

or
 

di
ct

at
io

n 
ti

m
e 

of
 ra

di
ol

og
y 

re
po

rt
s 

Sc
hw

ar
tz

 e
t a

l. 
(2

01
1)

47
 

B 
Fr

ee
 te

xt
 

D
iff

er
en

t i
te

m
iz

ed
 te

m
pl

at
es

  
V

ar
io

us
 

V
ar

io
us

 
C

T 
Be

tt
er

 c
on

te
nt

 a
nd

 g
re

at
er

 
cl

ar
it

y 
fo

r r
ad

io
lo

gi
st

s 
an

d 
re

fe
rr

in
g 

cl
in

ic
ia

ns
 

Li
u 

et
 a

l. 
(2

00
3)

48
 

B 
Fr

ee
 te

xt
 

D
iff

er
en

t m
en

u-
ba

se
d 

te
m

pl
at

es
 

V
ar

io
us

 
V

ar
io

us
 

V
ar

io
us

 
Fa

st
er

 r
ep

or
t t

ur
n-

ar
ou

nd
 

ti
m

e 
Le

ss
 tr

an
sc

ri
pt

io
n 

er
ro

rs
 

an
d 

lo
w

er
 tr

an
sc

ri
pt

io
n 

co
st

s 
 St

ru
ct

ur
ed

 la
yo

ut
 (S

R
 le

ve
l 1

) –
 H

yp
ot

he
ti

ca
l r

es
ea

rc
h

 
 

 

D
ab

ro
w

ie
ck

i e
t 

al
. (

20
20

)49
 

B 
Fr

ee
 te

xt
 

O
ne

 n
eg

at
iv

e 
ch

es
t X

-r
ay

 re
po

rt
 c

om
pa

re
d 

w
it

h 
on

e 
ou

t o
f f

ou
r 

te
m

pl
at

es
 

Th
or

ax
 

C
he

st
 

X
-r

ay
 

 
Te

m
pl

at
e 

us
e 

re
su

lte
d 

in
 

be
tt

er
 c

om
pr

eh
en

si
on

 b
y 

th
e 

pu
bl

ic
 

U
nn

ec
es

sa
ry

 fo
llo

w
-u

p 
w

as
 

le
ss

 li
ke

ly
 

C
am

il
o 

et
 a

l. 
(2

01
9)

50
 

B 
Fr

ee
 te

xt
 

Fo
ur

 d
iff

er
en

t t
em

pl
at

es
 (o

ne
 fr

ee
 te

xt
, 

tw
o 

ul
tr

as
ou

nd
 a

nd
 o

ne
 C

T 
re

po
rt

) 
A

bd
om

en
 

V
ar

io
us

 
U

lt
ra

so
un

d 
C

T 
St

ru
ct

ur
ed

 r
ep

or
t w

ith
 fi

na
l 

co
nc

lu
si

on
 /

 c
om

m
en

t i
s 

pr
ef

er
re

d 
by

 a
tt

en
di

ng
 a

nd
 

re
qu

es
ti

ng
 p

hy
si

ci
an

s 
H

ey
e 

et
 a

l. 
(2

01
8)

51
 

B 
Fr

ee
 te

xt
 

Th
re

e 
di

ffe
re

nt
 la

yo
ut

s 
(s

tr
uc

tu
re

d 
it

em
iz

ed
 te

xt
, t

ab
le

s,
 im

ag
es

) 
Th

or
ax

 
C

he
st

  
C

T 
Th

e 
co

st
um

er
 fa

vo
rs

 
st

ru
ct

ur
ed

 r
ep

or
tin

g 
La

th
er

 e
t a

l. 
(2

01
7)

52
 

B 
Fr

ee
 te

xt
 

St
ru

ct
ur

ed
 it

em
iz

ed
 te

m
pl

at
e 

Th
or

ax
 

C
he

st
 

C
T 

SR
 is

 s
up

er
io

r 



54

3

51
 

 

Tr
av

is
 e

t a
l. 

(2
01

4)
53

 
B 

Fr
ee

 te
xt

 
Th

re
e 

di
ffe

re
nt

 la
yo

ut
s 

w
ith

 m
ea

su
re

m
en

t 
se

ct
io

n 
Th

or
ax

 /
 

A
bd

om
en

 
V

ar
io

us
 

on
co

lo
gi

ca
l 

C
T 

A
 s

ep
ar

at
e 

le
si

on
 

m
ea

su
re

m
en

t s
ec

ti
on

 is
 

pr
ef

er
re

d 
ov

er
 r

an
do

m
 

m
en

ti
on

in
g 

 
 

K
ru

pi
ns

ki
 e

t a
l. 

(2
01

1)
54

 
B 

Fr
ee

 te
xt

 
It

em
iz

ed
 a

nd
 h

ie
ra

rc
hi

ca
l t

em
pl

at
e 

A
bd

om
en

 
Re

na
l 

ab
no

rm
al

iti
es

 
C

T 
A

 “o
ne

-s
iz

e-
fit

s-
al

l”
 

ra
di

ol
og

y 
re

po
rt

 fo
rm

at
 

do
es

 n
ot

 e
xi

st
 

G
ri

ev
e 

et
 a

l. 
(2

00
8)

55
 

B 
Fr

ee
 te

xt
 

Fo
ur

 d
iff

er
en

t t
em

pl
at

es
 

A
bd

om
en

 
N

eg
at

iv
e 

ex
am

in
at

io
n 

U
lt

ra
so

un
d 

D
et

ai
le

d 
re

po
rt

s 
an

d 
a 

ra
di

ol
og

is
ts

’ o
pi

ni
on

 is
 

pr
ef

er
re

d 
by

 g
en

er
al

 
pr

ac
ti

tio
ne

rs
 

Si
st

ro
m

 e
t a

l. 
(2

00
5)

 56
 

B 
Fr

ee
 te

xt
 

It
em

iz
ed

 s
tr

uc
tu

re
d 

te
m

pl
at

es
  

A
bd

om
en

 
Re

na
l 

ca
lc

ifi
ca

ti
on

s 
C

T 
Eq

ua
lly

 e
ffi

ci
en

t a
nd

 
ac

cu
ra

te
 fo

r 
tr

an
sm

it
ti

ng
 

co
nt

en
t 

N
ai

k 
et

 a
l. 

(2
00

1)
57

 
B 

Fr
ee

 te
xt

  
Th

re
e 

it
em

iz
ed

 w
ith

 d
iff

er
en

ce
 in

 
co

m
pl

et
en

es
s 

 
A

bd
om

en
 

V
ar

io
us

 
U

lt
ra

so
un

d 
Im

pr
ov

ed
 fa

ci
lit

at
io

n 
of

 
co

m
pl

et
e 

do
cu

m
en

ta
ti

on
 

It
em

iz
ed

 r
ep

or
ts

 a
re

 
pr

ef
er

re
d 

by
 r

ad
io

lo
gi

st
s 

an
d 

re
fe

rr
in

g 
cl

in
ic

ia
ns

 
 St

ru
ct

ur
ed

 c
on

te
nt

 (S
R

 le
ve

l 2
) 

 

 
 

 
 

 

Jo
hn

so
n 

et
 a

l. 
(2

01
0)

 58
a 

 
A

 
Fr

ee
 te

xt
 

Po
in

t-
an

d-
cl

ic
k 

sy
st

em
 u

se
d 

to
 b

ui
ld

 a
 

se
nt

en
ce

 in
 th

e 
st

ru
ct

ur
ed

 r
ep

or
t 

N
eu

ro
lo

gy
 

Po
ss

ib
le

 s
tr

ok
e 

M
RI

 
N

o 
im

pr
ov

em
en

t i
n 

re
po

rt
 

cl
ar

it
y 

by
 a

tt
en

di
ng

 
ph

ys
ic

ia
ns

 
Jo

hn
so

n 
et

 a
l. 

(2
00

9)
 59

a  
A

 
Fr

ee
 te

xt
  

Po
in

t-
an

d-
cl

ic
k 

sy
st

em
 u

se
d 

to
 b

ui
ld

 a
 

se
nt

en
ce

 in
 th

e 
st

ru
ct

ur
ed

 r
ep

or
t 

N
eu

ro
lo

gy
 

Po
ss

ib
le

 s
tr

ok
e 

M
RI

 
Re

po
rt

 a
cc

ur
ac

y 
an

d 
co

m
pl

et
en

es
s 

di
d 

no
t 

im
pr

ov
e 

A
as

e 
et

 a
l. 

(2
02

0)
60

 
B 

Fr
ee

 te
xt

 
Te

m
pl

at
e 

ch
ec

kl
is

t w
ith

 s
ix

 p
ic

k 
lis

t 
op

ti
on

s 
co

nc
er

ni
ng

 in
ci

de
nt

al
 p

ul
m

on
ar

y 
no

du
le

 d
es

cr
ip

ti
on

 

Th
or

ax
 

Pu
lm

on
ar

y 
no

du
le

 
C

T 
 

In
cr

ea
se

d 
do

cu
m

en
ta

ti
on

 
co

m
pl

ia
nc

e 
 

Be
tt

er
 fo

llo
w

-u
p 

pr
oc

es
s 

Lo
w

 u
ti

liz
at

io
n 

ra
te

s 
 



55

3

Chapter 3 | Structured reporting in radiology: a systematic review to explore its potential 

52
 

 

A
lp

er
 e

t a
l. 

(2
02

0)
61

 
B 

Fr
ee

 te
xt

 
Te

m
pl

at
e 

w
ith

 p
ic

k 
lis

t o
pt

io
ns

 w
it

h 
pr

ef
er

re
d 

te
rm

s 
fo

r 
ab

do
m

in
al

 o
rg

an
s 

no
rm

al
 fi

nd
in

g 
m

en
ti

on
in

g 

A
bd

om
en

 
V

ar
io

us
 

C
T 

/ 
M

RI
 

 
Be

tt
er

 u
se

 o
f p

re
fe

rr
ed

 /
 

ac
ce

pt
ab

le
 p

hr
as

es
 

D
ec

re
as

ed
 u

se
 o

f e
qu

iv
oc

al
 

te
rm

s 
 

K
im

 e
t a

l. 
(2

02
0)

62
 

B 
Fr

ee
 te

xt
 

Te
m

pl
at

e-
ba

se
d 

st
ru

ct
ur

ed
 r

ep
or

ts
 w

ith
 

po
in

t-
an

d-
cl

ic
k 

m
en

us
 in

cl
ud

in
g 

st
an

da
rd

 
el

em
en

ts
 u

se
d 

in
 a

 d
en

si
to

m
et

ry
 r

ep
or

t 

N
uc

le
ar

 
ra

di
ol

og
y 

O
st

eo
po

ro
si

s 
D

X
A

 
Sh

or
te

r 
re

po
rt

in
g 

ti
m

es
 

In
cr

ea
se

d 
re

po
rt

 q
ua

lit
y 

Tu
nc

yu
re

k 
et

 a
l 

(2
01

9)
63

 
B 

Fr
ee

 te
xt

 
Te

m
pl

at
e 

w
ith

 p
ic

k 
lis

t o
pt

io
ns

 to
 

de
sc

ri
be

 12
 k

ey
 fe

at
ur

es
 o

f p
el

vi
c 

M
RI

 fo
r 

pe
ri

an
al

 fi
st

ul
iz

in
g 

di
se

as
e 

A
bd

om
en

 
Pe

ri
an

al
 fi

st
ul

iz
in

g 
di

se
as

e 
M

RI
  

 
Fe

w
er

 k
ey

 fe
at

ur
es

 w
er

e 
m

is
se

d 
M

or
e 

co
m

pl
et

e,
 c

le
ar

 a
nd

 
he

lp
fu

l f
or

 tr
ea

tm
en

t 
pl

an
ni

ng
 

A
rm

br
us

te
r 

et
 a

l. 
(2

01
8)

64
 

B 
Fr

ee
 te

xt
 

C
lic

ka
bl

e 
de

ci
si

on
 tr

ee
s 

th
at

 fu
nc

ti
on

 a
s 

a 
ch

ec
kl

is
t a

nd
 to

 u
se

 fo
r 

bu
ild

in
g 

au
to

m
at

ic
al

ly
 s

em
an

ti
c 

se
nt

en
ce

s 
 

H
ea

d 
an

d 
N

ec
k 

Pe
tr

ou
s 

bo
ne

 
M

RI
 

In
cr

ea
se

s 
co

m
pl

et
en

es
s 

an
d 

qu
al

it
y 

 
Sa

ti
sf

ac
ti

on
 o

f r
ef

er
ri

ng
 

ph
ys

ic
ia

ns
 im

pr
ov

ed
 

Sa
be

l e
t a

l. 
(2

01
8)

65
 

B 
Fr

ee
 te

xt
 

C
lic

ka
bl

e 
de

ci
si

on
 tr

ee
s 

on
 s

ev
er

al
 it

em
s 

w
it

h 
se

ve
ra

l s
ub

ite
m

s 
co

nc
er

ni
ng

 v
as

cu
la

r 
st

at
us

 

V
as

cu
la

r 
 

Lo
w

er
 e

xt
re

m
iti

es
 

C
TA

 
Su

pe
ri

or
 c

la
ri

ty
, 

co
m

pl
et

en
es

s,
 c

lin
ic

al
 

re
le

va
nc

e,
 a

nd
 u

se
fu

ln
es

s 
ra

te
d 

by
 r

ef
er

ri
ng

 c
lin

ic
ia

ns
 

Sc
ho

ep
pe

 e
t a

l. 
(2

01
8)

66
 

B 
Fr

ee
 te

xt
 

C
lic

ka
bl

e 
de

ci
si

on
 tr

ee
s 

in
 w

hi
ch

 
ou

tc
om

es
 w

er
e 

us
ed

 to
 c

re
at

e 
se

m
an

ti
c 

se
nt

en
ce

s 
an

d 
w

er
e 

di
sp

la
ye

d 
in

 th
e 

re
po

rt
 

A
bd

om
en

 
Sw

al
lo

w
in

g 
di

so
rd

er
s 

Sw
al

lo
w

in
g 

st
ud

ie
s 

In
cr

ea
se

s 
de

ta
ile

d 
in

fo
rm

at
io

n 
an

d 
fa

ci
lit

at
io

n 
of

 in
fo

rm
at

io
n 

ex
tr

ac
ti

on
 

Be
tt

er
 a

ss
is

ti
ng

 c
lin

ic
al

 
de

ci
si

on
-m

ak
in

g 
Sc

hö
pp

e 
et

 a
l. 

(2
01

8)
67

 
B 

Fr
ee

 te
xt

 
C

lic
ka

bl
e 

de
ci

si
on

 tr
ee

s 
fo

r 
sp

ec
ifi

c 
it

em
s 

co
nc

er
ni

ng
 (d

eg
en

er
at

iv
e)

 o
st

eo
ar

th
ri

ti
s 

of
 th

e 
gl

en
oh

um
er

al
 jo

in
t u

se
d 

to
 c

re
at

e 
se

m
an

ti
c 

se
nt

en
ce

s 
us

ed
 in

 th
e 

re
po

rt
 

M
us

cu
lo

sk
el

et
al

 
ra

di
ol

og
y 

Sh
ou

ld
er

 
X

-r
ay

 
M

ay
 b

e 
a 

us
ef

ul
 to

ol
 in

 
cl

in
ic

al
 d

ec
is

io
n-

m
ak

in
g 

 

Sh
ai

sh
 e

t a
l. 

(2
01

8)
68

 
B 

La
yo

ut
 

te
m

pl
at

e 
D

ro
p 

do
w

n 
m

en
us

 w
hi

ch
 w

er
e 

us
ed

 a
s 

te
m

pl
at

e 
to

 d
es

cr
ib

e 
in

di
vi

du
al

 le
si

on
 

ch
ar

ac
te

ri
st

ic
s 

co
nc

er
ni

ng
 P

I-
RA

D
S 

A
bd

om
en

 
Pr

os
ta

te
 

M
RI

 
PI

-R
A

D
S 

ad
he

re
nc

e 
im

pr
ov

ed
  

M
ay

 in
cr

ea
se

 d
ia

gn
os

ti
c 

pe
rf

or
m

an
ce

 



56

3

53
 

 

G
as

se
nm

ai
er

 e
t 

al
. (

20
17

)69
 

B 
Fr

ee
 te

xt
 

Te
m

pl
at

e 
w

ith
 fi

nd
in

gs
 a

nd
 im

pr
es

si
on

 
se

ct
io

n 
w

ith
 c

lic
ka

bl
e 

de
ci

si
on

 tr
ee

s 
w

ith
 

se
ve

ra
l l

ev
el

s 
  

M
us

cu
lo

sk
el

et
al

 
ra

di
ol

og
y 

Sh
ou

ld
er

 
M

RI
 

Im
pr

ov
ed

 r
ea

da
bi

lit
y 

Im
pr

ov
ed

 li
ng

ui
st

ic
 q

ua
lit

y 
 

 

N
or

en
be

rg
 e

t a
l. 

(2
01

7)
70

 
B 

Fr
ee

 te
xt

 
C

lic
ka

bl
e 

de
ci

si
on

 tr
ee

s 
us

ed
 to

 d
es

cr
ib

e 
13

 k
ey

 fe
at

ur
es

 
  

A
bd

om
en

 
Re

ct
al

 c
an

ce
r 

M
RI

 
Fa

ci
lit

at
es

 s
ur

gi
ca

l p
la

nn
in

g 
 

H
ig

he
r 

sa
ti

sf
ac

ti
on

 le
ve

l o
f 

re
fe

rr
in

g 
su

rg
eo

ns
   

ab
ou

t r
ep

or
t c

or
re

ct
ne

ss
 

an
d 

cl
in

ic
al

 d
ec

is
io

n 
m

ak
in

g 
 

Sa
be

l e
t a

l. 
(2

01
7)

71
 

B 
Fr

ee
 te

xt
 

C
lic

ka
bl

e 
de

ci
si

on
 tr

ee
s 

co
nt

ai
ni

ng
 

ob
se

rv
at

io
ns

 w
ith

 s
ta

nd
ar

di
ze

d 
su

bh
ea

di
ng

s 
in

 a
 c

on
si

st
en

t o
rd

er
 

Th
or

ax
 

Pu
lm

on
ar

y 
em

bo
lis

m
 

C
TA

 
Su

pe
ri

or
 in

 c
la

ri
ty

, b
et

te
r 

co
nt

en
t a

nd
 c

lin
ic

al
 u

ti
lit

y 
 

W
al

te
r 

et
 a

l. 
(2

01
5)

72
 

B 
Fr

ee
 te

xt
 

Pi
ck

 li
st

 a
bo

ut
 c

or
on

ar
y 

ca
lc

ifi
ca

ti
on

s 
ad

de
d 

to
 a

 s
tr

uc
tu

re
d 

re
po

rt
 w

it
h 

no
rm

al
 

an
d 

ab
no

rm
al

 d
ef

au
lt 

st
an

da
rd

 
te

rm
in

ol
og

y 
w

hi
ch

 a
ut

o-
po

pu
la

te
s 

th
e 

re
po

rt
 

C
ar

di
o 

C
or

on
ar

y 
ca

lc
ifi

ca
ti

on
s 

C
T 

Im
pr

ov
ed

 a
cc

ur
ac

y 
of

 
co

ro
na

ry
 c

al
ci

fic
at

io
n 

m
en

ti
on

s 

Sc
hw

ei
tz

er
 e

t a
l. 

(2
01

4)
73

 
B 

Fr
ee

 te
xt

 
Te

m
pl

at
e 

w
ith

 10
8 

ob
lig

at
ed

 it
em

s 
w

it
h 

dr
op

 d
ow

n 
m

en
us

 a
nd

 fr
ee

 te
xt

 o
pt

io
n.

 
Th

e 
re

po
rt

 c
on

ta
in

s 
hi

gh
lig

ht
ed

 p
ar

ts
 

w
he

n 
st

at
ed

 a
s 

ab
no

rm
al

 

Fo
re

ns
ic

s 
W

ho
le

 b
od

y 
C

T 
C

an
 a

ct
 a

s 
gu

id
el

in
e 

K
ar

im
 e

t a
l. 

(2
01

3)
74

 
B 

Fr
ee

 te
xt

 
D

iff
er

en
t I

T-
ba

se
d 

op
ti

on
s 

w
er

e 
us

ed
 a

nd
 

in
cl

ud
ed

 s
ta

nd
ar

di
ze

d 
po

in
t-

an
d-

cl
ic

k 
m

en
us

, i
nc

lu
di

ng
 a

na
to

m
y,

 m
ea

su
re

s 
an

d 
ad

di
ti

on
al

 d
ia

gn
os

ti
c 

fin
di

ng
s 

lis
te

d 
by

 
or

ga
n 

an
d 

de
di

ca
te

d 
pa

th
ol

og
y 

in
 th

re
e 

di
ffe

re
nt

 s
ec

ti
on

s 
w

ith
 a

 fr
ee

 te
xt

 o
pt

io
n 

fo
r 

pe
rs

on
al

 ju
dg

m
en

t 

V
as

cu
la

r 
A

bd
om

in
al

 a
or

ti
c 

an
eu

ry
sm

 
C

TA
 

D
ec

re
as

e 
in

 a
ve

ra
ge

 
re

po
rt

in
g 

ti
m

e 
Ea

se
 o

f u
se

 m
ay

 le
ad

 to
 

m
or

e 
ac

cu
ra

te
 d

ec
is

io
n 

su
pp

or
t. 

 

B
ar

bo
sa

 e
t a

l. 
(2

01
0)

75
 

B 
Fr

ee
 te

xt
 

Pi
ck

 li
st

 r
ep

or
ti

ng
 s

ys
te

m
 o

n 
8 

de
sc

ri
pt

iv
e 

it
em

s 
ne

ce
ss

ar
y 

fo
r t

hy
ro

id
 n

od
ul

e 
ch

ar
ac

te
ri

sa
tio

n 
 

H
ea

d 
an

d 
N

ec
k 

Th
yr

oi
d 

U
lt

ra
so

un
d 

In
fo

rm
at

io
n 

tr
an

sm
is

si
on

 
im

pr
ov

ed
 fo

r r
ad

io
lo

gi
st

s 
an

d 
re

fe
rr

in
g 

cl
in

ic
ia

ns
 

H
as

eg
aw

a 
et

 a
l. 

(2
01

0)
76

 
B 

Fr
ee

 te
xt

 
Pi

ck
 li

st
 it

em
s 

an
d 

pa
rt

ic
ul

ar
 m

od
ifi

er
s 

fo
r 

di
ffe

re
nt

 c
at

eg
or

ie
s 

ca
n 

be
 e

nt
er

ed
 in

 
te

m
pl

at
es

 th
at

 li
nk

 th
os

e 
to

ge
th

er
 

Th
or

ax
 

C
he

st
 

X
-r

ay
 

Re
po

rt
 p

ro
du

ct
io

n 
ti

m
e 

de
cr

ea
se

d 



57

3

Chapter 3 | Structured reporting in radiology: a systematic review to explore its potential 

54
 

 Ta
bl

e 
1.

 S
tu

dy
 c

ha
ra

ct
er

is
ti

cs
 a

nd
 o

ve
rv

ie
w

 o
f a

rt
ic

le
s 

w
it

h 
le

ve
l A

 a
nd

 B
 e

vi
de

nc
e 

w
hi

ch
 s

tu
di

ed
 s

tr
uc

tu
re

d 
re

po
rt

in
g 

in
 ra

di
ol

og
y.

 P
re

se
nt

ed
 is

 th
e 

le
ve

l o
f e

vi
de

nc
e,

 

co
nt

ro
l g

ro
up

, i
nt

er
ve

nt
io

n,
 s

ub
sp

ec
ia

lty
/f

ie
ld

, i
nd

ic
at

io
n,

 m
od

al
it

y 
an

d 
ou

tc
om

e(
s)

. a 
Id

en
ti

ca
l s

tu
dy

 p
op

ul
at

io
n 

or
 c

oh
or

t.
 

SR
 =

 S
tr

uc
tu

re
d 

Re
po

rt
in

g;
 S

R 
le

ve
l 1

 =
 S

tr
uc

tu
re

d 
la

y-
ou

t; 
SR

 le
ve

l 2
 =

 S
tr

uc
tu

re
d 

co
nt

en
t; 

C
N

S 
= 

C
en

tr
al

 N
er

vo
us

 S
ys

te
m

; B
T

-R
A

D
S 

= 
Br

ai
n 

Tu
m

or
-R

ep
or

ti
ng

 

A
nd

 D
at

a 
Sy

st
em

; P
I-

RA
D

S 
= 

Pr
os

ta
te

 Im
ag

in
g-

Re
po

rt
in

g 
A

nd
 D

at
a 

Sy
st

em
; T

I-
RA

D
S 

= 
Th

yr
oi

d 
Im

ag
in

g-
Re

po
rt

in
g 

A
nd

 D
at

a 
Sy

st
em

; R
EC

IS
T 

= 
Re

sp
on

se
 

Ev
al

ua
ti

on
 C

ri
te

ri
a 

in
 S

ol
id

 T
um

ou
rs

; L
I-

R
A

D
S 

= 
Li

ve
r 

Im
ag

in
g-

Re
po

rt
in

g 
A

nd
 D

at
a 

Sy
st

em
; R

T 
= 

Ra
di

ot
he

ra
py

; I
BD

 =
 Ir

ri
ta

bl
e 

Bo
w

el
 D

is
ea

se
; M

S 
= 

M
ul

ti
pl

e 

Sc
le

ro
si

s 

        



58

3

55 
 

Thematic data analysis 

After inclusion, the 63 studies were grouped into structured lay-out (SR level 1) and 

structured content (SR level 2) groups (Fig. 3).  

 

  
Figure 3. Characteristics of included studies based on SR level. SR level 1 = Structured lay-out; SR level 2 

= Structured content 

 

Control group, intervention, subspecialty/field, indication, modality and outcome of 

each study was assigned. Because of heterogeneity in the structured lay-out group (SR 

level 1), this group of 44 studies was subdivided into three subcategories: 1) one template 

(n=28), 2) multiple templates (n=7) and 3) hypothetical research (n=9) (Table 1, Fig. 3 

and Fig. 4). 
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Figure 4. Intervention based on SR level. SR level 1 = Structured lay-out; SR level 2 = Structured content 

 

The first subcategory “one template” consists of studies that implement and compare 

only one template with a free text report comparison. An example can be an itemized 

template to report a specific clinical question, such as a Magnetic Resonance Imaging 

(MRI) for brain tumor staging. The second subcategory “multiple templates” 

implemented several templates at once in their study before the comparison with free 

text reports was made. An example can be the implementation of several different 

templates for different clinical questions, such as implementing templates for 

Computed Tomography (CT), ultrasound and X-ray concerning kidney stones, 

appendicitis and heart failure. The third subcategory “hypothetical research” concerned 

studies that did not actually implement SR in clinical workflow, but assessed clinical or 

referring preferences on how to present the radiological information in the radiological 

report. 

All 19 structured content (SR level 2) studies were interventional studies using an IT-

based method to create the radiological report in the subcategories point-and-click 
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system, pick list, clickable decision trees, drop down and various (Table 1, Fig. 3 and Fig. 

4).  

As it is only possible, in an evidence-based manner, to accurately compare one 

structured reporting tool in one clinical interventional setting at once, only the studies 

implementing one template from the structured lay-out group and non-hypothetical 

studies have used for further analysis. When not taking into account the hypothetical 

studies, nor the studies of the multiple template category, 28 studies remain on the 

structured lay-out level (SR level 1). All 19 structured content (SR level 2) studies were 

interventional studies using one IT-based method to create the radiological report and 

were all suitable for further analysis (Table 1, Fig. 3 and Fig. 4). The remaining 

subcategories (one template SR level 1 and all SR level 2 studies) resulted in 47 studies 

(Fig. 3). 

Further analysis of these 47 studies resulted in additional characteristics about 

subspecialty field and used modalities (Fig. 5a and Fig. 5b). Overall, CT and MRI 

modalities are mostly used on the subspecialties abdomen and neurology. 



61

3

Chapter 3 | Structured reporting in radiology: a systematic review to explore its potential 

58 
 

 
Figure 5. a) Subspecialty based on SR level and b) modality used based on SR level. All included single 

intervention studies according to the field of specialty and modality used. SR level 1 = Structured lay-out; 

SR level 2 = Structured content; DXA = Dual-energy X-ray absorptiometry (DXA) 
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Level of evidence  

Two papers (one single study) were scored as level A in the structured content group. 

All other studies in the structured lay-out and structured content group were scored as 

level B evidence (Fig. 6).  

 

 
Figure 6. Level of evidence based on SR level. Level A = level A evidence according to Siwek et al. [13]; SR 

level 1 = Structured lay-out; SR level 2 = Structured content 

 

Outcome  

The value of outcomes of the studies on structured reporting depends heavily on the 

level of evidence of these studies. Therefore, the main focus of this study was to 

determine the level of evidence. However, to create an overview of research done on SR 

in radiology, main outcomes of included SR studies have been summarized in Table 1.  

 

Discussion 

The main goal of this narrative systematic literature review was to explore the level of 

evidence of all studies that try to enhance the radiological reporting process by using 

SR. This also resulted in an overview on the current status of SR in radiology and a 
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summary of its outcomes. To our knowledge, this is the first paper to provide a 

systematic review of SR in radiology. 

 

Level of evidence 

A double blinded, randomized controlled trial is considered as the highest level of 

original research (not including systematic reviews or meta-analysis). In our literature 

search, the only study that approximates this level was the double cohort study with 

randomized trial design conducted by Johnson et al. [58, 59] and was therefore scored 

as level A evidence. They compared a point-and-click reporting system (SR level 2) with 

free text reporting in brain MRI in stroke patients in two papers. This study states that 

only the way of reporting varied in order to exclude all other interfering factors, thereby 

only investigating the effect of the change in reporting method. The remaining 61 

studies were considered level B evidence, showing an overall low level of evidence. 

The hypothetical subcategory studies (n=7) are not implementational but only 

exploratory of nature. The multiple templates studies (n=9) are considered low level 

evidence, because it is virtually impossible to confidentially match outcomes to a 

particular way of reporting, when a) introducing several templates or reports 

simultaneously, b) using different levels of SR, for c) trying to answer different clinical 

questions.  

However also the other subcategory studies (one template SR level 1 and all SR level 2 

studies), except both level A studies, changed several factors during the implementation 

of SR, which again can result in some sort of confounding. For instance, many papers 

describe an expert meeting among radiologists and/or clinicians, or conducted a 

literature review in order to create a template or pick-list with adequate vocabulary, 

before implementing SR. This introduced an additional standardizing step next to the 

implementation of SR in the reporting routine. As a result, both the report content and 

the reporting manner differed, and outcomes of these studies reflect the effect of the 

combined interventions. The effects of any individual intervention, however, remain 

unclear.  

Additionally, an expert meeting or literature review before implementing the new 

reporting manner will likely result in an increase in report quality or accuracy, because 

the reporter will be guided in stating the correct (newly stated) items necessary for 
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diagnosing when using SR, and thereby enhancing the report content. In this way, 

confirmation bias can occur, especially when report content quality or accuracy was the 

main goal of the study, and when outcomes were scored by the same experts that 

participated in the initial expert meeting.  

The aforementioned shows that the study design of the included studies was hampered, 

resulting in low level of evidence studies. However, despite the fact that most studies 

are of low evidence, the total amount of published papers show the magnitude of the 

trend towards structured reporting in radiology.  

One of the issues in chosen study design is probably based on the willingness to improve 

the radiological report as final clinical outcome, rather than searching for the true 

(single) vehicle that facilitates this. 

Furthermore, a reason for the lack of high-level evidence papers can be the fact that 

proper implementation of SR might be highly case-specific. In radiology, multiple 

modalities as well as multiple clinical questions coexist and therefore it is possible that 

a SR tool or a specific SR level is not beneficial for all clinical settings or that it is 

depending on for instance difficulty level. A point-and-click or clickable decision tree 

method (SR level 2) may be better for a simple task with only few options, such as 

describing a thyroid nodule on an ultrasound examination. Likewise, a difficult, 

extensive clinical question which needs highly specific information or an extensive 

description, such as the description of a brain tumor on MRI, may suit a template or 

checklist (SR level 1) better than a point-and-click/pick list. In combination with several 

vendor dependent structuring methods on different SR levels, this makes it difficult to 

choose a specific topic to set up a well-designed study. Also the fact that there are no 

studies found that compare two different SR methods, but only comparing free text with 

some sort of SR, shows that research on SR in radiological reporting is still at an 

exploratory level.  

 

Current standing and future perspectives 

Looking at the levels of SR, in total, 28 studies were performed at the level of structured 

lay-out implementing one template and 19 on the structured content level 

implementing a more IT-based type of SR, which shows that both SR level 1 and 2 are 

used in clinical studies. It is interesting to see that both levels are being investigated, 
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because it is important to realize that in most cases it is easier, due to its lower IT-

demand, to implement a template (SR level 1) in the reporting process than, for instance, 

implement a drop down menu-based report (SR level 2).  

When looking at modality and subspecialty, most efforts are made with reports of CT 

and MRI examinations in the field of abdominal radiology and neuroradiology. An 

explanation might be the fact that the most important (staging) procedures use CT and 

MRI as a modality. Perhaps, the abdominal and neuroradiology fields are more suitable 

for using templates or it can be triggered by the fact that good classification systems or 

standardization systems already exist in these fields. If this is the case, this highlights 

the fact that SR is used for standardization by making sure that specific items or 

classification systems are described or used.  

Table 1 shows that SR level 1 (templates) are mainly used to describe key features 

necessary to stage a particular disease or tumor with a predefined sentence with or 

without a particular standardization tool. Used standardization tools or classification 

systems can be found in table 1, and examples are for instance PI-RADS, LI-RADS and 

RECIST, but also key elements concerning Crohn’s disease, rectal cancer staging, 

Multiple Sclerosis (MS), trauma or head and neck lymphadenopathy are used. Hence, 

also SR level 2 studies use key feature description or standardization tools (e.g. PI-

RADS) to describe specific disease or tumors, such as stroke, pulmonary nodules, rectal 

cancer, thyroid nodules or prostatic cancer (Table 1). However, SR level 2 studies use an 

IT-based system that supports constructing (semantic) sentences, according to the 

chosen option from the drop down menu or point-and-click system, in which 

standardization is almost automatically linked to structured reporting.  

When looking at the study outcomes in Table 1, the main goals, incentives, used SR 

method and outcomes of each study vary widely, and therefore, pooling of outcomes is 

difficult. Despite this heterogeneity this table of outcomes provides a panoramic 

overview of the present status of SR in radiology.  

It shows that most of the included papers show an improvement in outcome when 

implementing SR. However, when looking at the evidence level, the only level A study 

[58, 59] did not improve the report clarity, accuracy and completeness of the report 

using their point-and-click method. This is an interesting finding and can show that this 

particular point-and-click system was not beneficial in radiological reporting in this 
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specific setting and concerning this specific outcome. However, the outcome of this 

study alone is insufficient to state that SR level 2 is not beneficial in radiology reporting, 

because outcomes seem to be highly case-specific. However, it is also hard to state that 

SR is beneficial in reporting in radiology when looking at the low level of evidence of all 

other included studies. 

Overall, the level of evidence for SR is low and especially the link between structured 

reporting and standardization and its different effects on the radiological report is 

currently overlooked, but is of utmost importance. It seems that improving radiology 

reporting is more than just implementing SR and that standardization is necessary next 

to SR, and that both are highly entangled when implementing SR. This is likely caused 

by the fact that SR is based on a rather strict format in which several (mandatory) items 

or key features should be reported. Perhaps the question should be whether SR is not 

just a means to facilitate standardization, rather than that SR is improving the 

radiological report itself.  

As such, high quality research is necessary to separately investigate the value of all 

individual factors that are involved in standardization and SR to determine the best type 

of SR for a specific clinical problem. Investigating the effect of standardization should 

be prioritized, because it may make sense that improving the content of the report, 

hence making a complete report with all items referring clinicians are asking for, will 

likely improve reporting quality. Then, the next question should be how this 

standardized information should be placed in the radiological report and how we can 

assure it is inserted correctly. For instance, this can be done with a simple template or 

checklist (SR level 1), or with a more sophisticated point-and-click system (SR level 2). 

Finally, it is important to know whether the efforts are beneficial for the patient (e.g. 

better staging), the referring clinician (e.g. reduced reading time), the reporter (e.g. 

faster reporting) or for all. Nevertheless, it is possible that this supposed reporting 

improvement is mainly caused by standardization rather than SR. 

 

Limitations  

First of all, it was difficult to find all relevant implementational studies published on the 

subject of SR due to ambiguous use of the terms ‘standardized reporting’ and ‘structured 

reporting’. To be as complete as possible, as well as to answer the research question 
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best, a prior set definition for SR and its categorization system was used. In addition, a 

bibliography search was used to search for missed studies after conducting the main 

search. Because of heterogeneity of the included studies, it was hard to pool the data on 

a more specific level and therefore a thematic analysis was used. The outcome analysis 

performed in this paper was limited by the large heterogeneity of outcomes and study 

design. A more thorough analysis should be done to explore outcome measurements 

better and to see who (the referring clinician, radiologist or patient) will benefit from 

SR most, as well as which specific efforts resulted in this outcome. 

 

Conclusion 

Structured reporting is thought to have great potential to improve reporting in 

radiology. However, due to difficulties in study design there is a lack of high-quality 

research on this topic resulting in low overall evidence. Future research is needed to 

explore the individual effects of standardization and SR, as it is questionable whether 

SR is the solution for improving reporting in radiology or only a means in facilitating 

standardization.  
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Abstract  

Reports are the standard way of communication between the radiologist and the 

referring clinician. Efforts are made to improve this communication by, for instance, 

introducing standardization and structured reporting. Natural Language Processing 

(NLP) is another promising tool which can improve and enhance the radiological report 

by processing free text. NLP as such adds structure to the report and exposes the 

information, which in turn can be used for further analysis. 

This paper describes pre-processing and processing steps and highlights important 

challenges to overcome in order to successfully implement a free text mining algorithm 

using NLP tools and machine learning in a small language area, like Dutch.  

A rule-based algorithm was constructed to classify T-stage of pulmonary oncology from 

the original free text radiological report, based on the items tumor size, presence and 

involvement according to the 8th TNM classification system. PyContextNLP, spaCy and 

regular expressions were used as tools to extract the correct information and process 

the free text. 

Overall accuracy of the algorithm for evaluating T-stage was 0,83 in the training set and 

0,87 in the validation set, which shows that the approach in this pilot study is promising.  

Future research with larger datasets and external validation is needed to be able to 

introduce more machine learning approaches and perhaps to reduce required input 

efforts of domain-specific knowledge. However, a hybrid NLP approach will probably 

achieve the best results.  

 

Introduction 

One of the most challenging tasks in healthcare informatics nowadays is how to improve 

accessibility to medical information. Especially in radiology, in which a large amount of 

imaging and textual data is captured. Combining all kinds of medical information 

can improve current medical data flow and can ensure better healthcare [1]. A good 

example of a complex process of combining data is tumor staging, for instance in 

pulmonary oncology. A specific rule-based tumor classification system is used for 
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proper staging of pulmonary oncology, as stated in the 8th TNM Classification of 

Malignant Tumors (TNM) [2][3]. 

In radiology, the report is still considered the golden standard in communicating 

findings and is, despite several structuring efforts [4], usually still stored as free text. 

One of the challenges in radiology is how to (re-)use free text unstructured data of the 

radiological report for data mining purposes in, for instance, pulmonary tumor staging. 

Natural Language Processing (NLP) is a promising method for extracting information 

from free text, and has been used in several studies to extract data from radiological 

reports [5]. However, most use English as a language and specific medical NLP software, 

such as medical extraction systems (e.g. cTAKES) [6], are not available in Dutch [5][7].  

In English, a rule-based pulmonary oncology TNM classification algorithm has already 

been built and trained on pathology reports with 72% accuracy on T-stage [8]. In 

addition, several Breast Imaging-Reporting and Data System (BI-RADS) classification 

approaches have been evaluated in English; the best results were obtained by using 

partial decision trees (PART) [9].  

In Dutch, one study was published on free text mining in radiological reports using 

support vector machines (SVM) and conditional random fields (CRF) to structure free 

text data with a BI-RADS classification algorithm proposed as future work [10]. 

However, to our knowledge, no tumor-classification task based on radiology reports has 

been published in Dutch before.  

This article describes a pilot study which shows the challenges to expect when 

extracting data from free text radiology reports in a small language area, like Dutch, in 

the classification of the T-stage of TNM pulmonary oncology. 

 

Methods 

Corpus description 

After ethical approval at the participating medical center, a training set was created 

which consisted of 47 radiological reports with pulmonary oncology that underwent a 

diagnostic staging procedure. The radiological reports have been constructed by several 

different radiologists, other than the authors, using a speech recognition tool (G2 

Speech). Findings were stored as free text reports in a Radiological Information System 
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(RIS, Agfa Healthcare). Every included report consisted of several structured sections 

with the following headings: clinical details, report, described modality, body part and 

conclusion. This training set was used to identify reporting content and to find 

appropriate synonyms, which were incorporated in the algorithm. Consecutively, a 

second set of 100 cases was used to validate the outcomes. Cases were included if a 

primary pulmonary malignancy was diagnosed using a computed tomography (CT) and 

the radiological report was present. Cases with two primary tumors and follow-up cases 

were excluded. After inclusion, T-stage was independently classified and labelled from 

the report by two authors (JMN and SP) according to the 8th TNM classification [2], 

because final T-stage was not explicitly mentioned in the report and could only be 

derived from findings described in the free text. The authors agreed on annotation 

guidelines for proper labeling. In case of discrepancy, consensus was reached between 

the two authors. 

 

Algorithm structure 

Because of the limited training data available, a rule-based NLP algorithm with machine 

learning pre-processing steps was used in this study. In addition, we aimed to set a 

baseline for future work using more advanced machine or deep learning techniques. 

The used approach is subdivided into a pre-processing step and a processing step. The 

pre-processing is necessary to make the data suitable for analysis. The processing step 

is the actual algorithm (Fig. 1, Table 1). 
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Figure 1. T-stage classifier. Schematic overview of T-stage classification. In the pre-processing step the 

raw data of the report is prepared for the actual processing. In the processing step tumor size extraction 

and a T-stage presence check of abnormalities and its involvement is performed. 

 

Pre-processing 

A sectionizer was developed to only select relevant parts of the report. In this study, text 

was only searched when preceded by the headings thorax and conclusion. A 

consecutive cleaning step was introduced to remove speech recognition artefacts and 

to replace selected abbreviations by its full form. Open-source NLP software library 

SpaCy [11] was selected to perform sentence segmentation and number extraction using 

part-of-speech tagging (POS), as it includes pre-trained models for multiple languages 

and has been successfully applied on medical extraction tasks before [12]. 

  

Processing 

By analyzing the 8th TNM classification [2], the T-stage classification was divided into 

three different items: size, presence and involvement (Fig. 1). All three items required 

extraction of relevant concepts (e.g. tumor; Fig. 1). For every concept a set of synonyms 

and their conjugations was created (e.g. tumor; mass, lesion, etc.) to ensure a high recall 
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in extracting concepts from included reports. The synonym sets were created by 

radiological domain experts using the training set, Systematized Nomenclature of 

Medicine Clinical Terms (SNOMED-CT) [13] and their expertise. 

Accordingly, the synonym sets were converted into a regular expression per concept. 

Depending on the item to extract (size, presence or involvement), the concepts were 

further processed by the algorithm in different ways. 

To cover the item size, a measurement extractor was developed using POS recognition 

of NLP-library spaCy to extract tumor size. Tumor size was selected out of all numbers, 

when all of the following preconditions were fulfilled: the largest number, the number 

is part of an area expression, the number contains a unit (cm or mm), the number is not 

a distance measurement and is not preceded by the concept ‘lymph node’ (instead of 

‘tumor’). 

The concepts to extract for the item presence were context validated; for every extracted 

concept context information (for instance negations, uncertainty, historical events) was 

extracted. Only those concepts being certain by its related context were valid and used 

for classification.  

pyContextNLP was used to extract the context including negations (modifier) related to 

the concept (target) , as it has been translated and applied to several languages, 

including Dutch [14][15][16]. pyContextNLP has been translated and functionality has 

been extended to run it as a service to simplify integration with other NLP services, 

increasing performance and usability [17].  

Finally, to extract the item involvement, two different concepts had to be present in 

same sentence: the concept “involvement” itself and, the concept being involved (e.g. 

possible involvement in mediastinum).  The concept “involvement” is context validated; 

context information (for instance negations, uncertainty, historical events) was 

extracted.  

In addition, a specific T4-stage logic has been implemented to validate whether a tumor 

is present in different lobes of the same lung. Final T-stage was assigned to the most 

severe tumor classification found by the algorithm. A detailed example of the 

classification process is shown in Table 1: Detailed example of the classification process. 
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RAW REPORT PROCESSED REPORT CLASSIFIED REPORT 

Clinical details: 

Pulmonary malignancy? 

 

Report: 

CT thorax and abdomen, 

arterial phase 

 

Thorax: 

Mass visible in the left upper 

lobe with a maximum size 

estimated at image 46 of 4, 7 x 

3,0 cm. Possible involvement 

in mediastinum. Satellite nodes 

visible at 8-41 with an 

estimated size of 1.3 cm. Lymph 

node visible at station 7 with a 

size of circa 5,2 cm. No lymph 

nodes visible at contralateral 

side. Small consolidation 

middle lobe. No 

indication of atelectasis.  

 

Abdomen: 

Multiple sharply edged 

hypodense liver lesions visible 

which would initially match 

with cysts (HU 5). 

 

Musculoskeletal  

No relevant findings. No 

metastasis. 

 

Conclusion: 

Tumor with satellite nodes left 

upper lobe 

Clinical details: 

Pulmonary malignancy? 

 

Report: 

CT thorax and abdomen, 

arterial phase 

 

Thorax: 

Mass visible in the left upper 

lobe with a maximum size 

estimated at image 46 of 4, 7 x 

3,0 cm. Possible involvement 

in mediastinum. Satellite 

nodes visible at 8-41 with an 

estimated size of 1.3 cm. Lymph 

node visible at station 7 with a 

size of circa 5,2 cm. No lymph 

nodes visible at contralateral 

side. Small consolidation 

middle lobe. No 

indication of atelectasis.  

 

Abdomen: 

Multiple sharply edged 

hypodense liver lesions visible 

which would initially match 

with cysts (HU 5). 

 

Musculoskeletal  

No relevant findings. No 

metastasis. 

 

Conclusion: 

Tumor with satellite nodes left 

upper lobe 

 

 

Tumor size     T1 (4,7 cm) 

Presence T3  

(satellite 

nodes) 

Involvement - 

Classification T3 
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DESCRIPTION 

Sectionizer: filtered out sections “Thorax” and “Conclusion” 

Cleaning: Colons and whitespaces within numbers removed, selected abbreviations are replaced  

Size: 4,7 cm is extracted as tumor size, the number is part of an area expression, has unit cm and is 

not preceded by lymph node.  

Presence: pyContextNLP extracted concepts and context. "Mass" and "satellite node" is found 

without context. 

Involvement: pyContextNLP extracted "involvement" with context of type uncertainty, therefore 

involvement in mediastinum is ignored. 

 

Table 1. Detailed example of the classification process. Pre-processing is performed on the raw text of the 

report. In the processed report, only the relevant sections remain. Every sentence in the processed report is 

annotated with extracted measurements, concepts (presence/involvement) and context. The final 

classification is obtained by the highest T-stage detected. 

 

Results 

The accuracy of the T-stage classifier on the test set was 83% (N=47), and on the 

validation set 87% (N=100) (see Table 2: T-stage classifier accuracy).  

 

 Training 

set (N=47) 

Validation 

set (N=100) 

Accuracy T-stage 0.83 0.87 

 

Table 2. T-stage classifier accuracy scores of the training set and the validation sets. 

 

Figure 2 shows the confusion matrices of respectively the training set and the validation 

set, where each ‘actual T-stage’ is compared with the ‘predicted T-stage’.  
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Figure 2. Confusion matrices of the T-stage classification on the training and validation sets. 

 

The precision (i.e. specificity), recall (i.e. sensitivity) and F1 measure (i.e. combined 

metric for precision and recall) for all independent stages are obtained as shown in 

Table 3: Precision, recall and F1-scores.  

 

 

Table 3. Precision, recall and F1-scores of training and validation sets. 

 

In addition, all errors in the training set and validation set were analyzed and grouped 

into five specific categories with one or more subgroups: context, concepts, 

standardization, complexity, and spaCy (Table 4). In total seven errors were found in 

the training set and 13 in the validation set.  

 

Finally, in Appendix 1 (Concept synonyms) SNOMED concepts have been added to the 

table of used regular expressions, to indicate the number of translations and synonyms 

missing. In Appendix 2 (Mentions related to context) and Appendix 3 (Mentions related 

to involvement) challenges related to context and involvement are highlighted to point 

out difficulties of the process. 

Training  Precision Recall F1 score 

T1 0,64 1,00 0,78 

T2 0,93 0,76 0,84 

T3 0,70 0,78 0,74 

T4 1,00 0,86 0,92 

Validation Precision Recall F1 score 

T1 0,90 0,82 0,86 

T2 0,89 0,86 0,87 

T3 0,83 0,95 0,88 

T4 0,87 0,86 0,87 
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Error Group Error Type Description Training  

(n=47) 

Validatio

n (n=100) 

Context  Context missing Context not matched because 

of missing modifier 

0 1 

Context 

mismatch 

Context mismatch, wrong 

modifier detected  

2 3 

Context 

disagreement 

Disagreement about 

certain/prob certain 

0 1 

Concepts Missing 

synonym 

Concept not matched because 

of a missing synonym or 

expression. 

2 0 

Algorithm logic Presence or involvement not 

correctly classified 

0 2 

Standardization Measurement 

Extractor  

e.g. using expressions (more 

than 5 cm) or 4-51 op 11 cm, 

blacklist for size 

2 2 

Dictation 

Artifact  

Errors related to dictation 

(e.g. whitespaces within 

numbers) 

0 1 

Standardization  Wrong heading above section 0 1 

Complexity T4 multiple 

lobes 

Error related by detecting 

tumor present in multiple 

lobes of the same long 

1 1 

spaCy Sentence 

Boundary 

Detection 

Error in detecting the 

boundary of a sentence, 

therefore involvement logic 

does not hold 

0 1 

 Total Errors  7 13 

 

Table 4. T-stage errors by category for the training and validation sets. 
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Discussion 

The aim of this paper is to gain insight in the challenges of using NLP in free text 

radiological reports in a small language area such as Dutch. This was done by creating 

an algorithm for T-stage pulmonary oncology according to the 8th TNM classification. 

This feasibility study is a baseline for future work based on more (hybrid) advanced 

machine or deep learning techniques. 

The described method analyzes and tries to thoroughly understand the meaning and 

interactions of words and phrases in the radiological report before classifying it. The 

main difference with a general machine or deep learning approach is that different steps 

are used before the final analysis is performed, instead of analyzing the report as a 

whole. Because the TNM classification is already rule-based, it is not necessary to force 

the neural network to recompose the already known T-stage rules for proper T-staging. 

Focusing on how to properly analyze free text was therefore one of the main goals of 

this approach as this can show us where difficulties can be expected and where machine 

or deep learning can help us smoothen this process.  

The measured accuracy of this pilot study suggests that T-stage can be extracted from 

free text reports with a fairly high reliability. This is consistent with the earlier 

performed study on pathology reports written in English [8]. In addition, the strategy 

used for extracting the items size, presence and involvement according to the 8th TNM 

classification seems promising. The obtained results (precision, recall and F1 score) for 

the training and validation set are in most cases at least comparable.  

When looking at the pre-processing and processing steps, several important findings 

should be addressed. First of all, identification of synonyms of the chosen items is of 

utmost importance, because vocabulary used for describing tumors differs widely 

among reporters. This variability in vocabulary makes it difficult to use machine 

learning for finding appropriate synonyms at this stage, because a large amount of data 

is needed. However, when a sufficient amount of data is available word embeddings 

could be created, which might be used to automatically find synonyms for used 

concepts. This study highlights the importance of using domain specific knowledge 

when building a (rule-based) algorithm when training data is limited.  
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Attempts to find proper synonyms by using (the Dutch) SNOMED-CT failed. Used 

synonyms are not always a synonym of the proper SNOMED-CT concept, but for 

example a synonym of a related super concept. Iterating over all supertype (parent) 

concepts is tedious and most are irrelevant (e.g. several tumor synonyms can be found 

searching for abnormal morphology). In addition, the Radiological Lexicon (RadLex) 

was not available in Dutch and could therefore not be tested. Ideally, a standardized 

vocabulary should be used to standardize data and try to make data more uniform. Data 

should then be labelled with SNOMED-CT or RadLex codes in order to increase 

findability, according to the Findable, Accessible, Interoperable and Reusable (FAIR) 

principles [18].  

Another important finding is that radiological free text reports consist of many 

contextual expressions, phrases and words (see Appendices 2 and 3), which are 

indispensable for accurate description of a specific disease. For instance, concepts 

should be properly correlated to the right context like negations or sizes, but the same 

holds for probabilities and the extent of involvement. This is a difficult and important 

process and should be done with care, because context allows radiologists to nuance 

and specify their findings. This lack of nuancing possibilities is probably one of the 

caveats of structured reporting and its broad implementation. 

When analyzing the errors in detail, one can see that the errors made are diverse, 

although most wrongly staged tumors were related to context extraction (35%). Several 

times there is a mismatch between concept and context caused by the shallow approach 

of pyContextNLP. For example, when two concepts are present in the same sentence, 

context (e.g. a negation) can be matched with the wrong concept. This might be 

overcome by dependency parsing which can improve contextual matching.  

This paper tried to divide pre-processing and processing steps in order to differentiate 

errors found, but the errors are often hard to separate, as both steps are highly 

intertwined. For instance, errors made by the sentence splitter can be related to the fact 

that the model is not trained on medical reports. However, errors can also be introduced 

by radiological reporters using a different (staccato) way of reporting.  The use of speech 

recognition in radiological reporting introduces several imperfections, mainly resulting 

in incorrect punctuation and white space errors within numbers. This can only be partly 

improved by pre-processing steps.  
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Task complexity is a different hurdle to overcome. Problems might, for instance, arise 

when concepts of different items should be combined in a single statement (e.g. T4-

stage, different lobes, same lung) or should be ignored (e.g. gravity depending 

atelectasis vs. tumor related atelectasis). This is especially the case when these concepts 

are stated in different sentences. Specific annotation guidelines or agreements can 

partly improve this difficulty. However, algorithms should not be unnecessarily more 

complicated when steps like standardization of the report content or reporting manner 

can increase report homogeneity. This is highlighted by the errors made in the 

standardization category (30%) which are related to the input of the reporter and 

dictation technology used. Standardizing report content by using a certain standardized 

language, for instance the vocabulary used in the TNM classification, will result in less 

synonyms in the report. In addition, when sentences stated are less ambiguous, by for 

instance stating only information about the described item in the same sentence, 

outcomes will further be improved. As such, standardization of reporting content and 

manner will improve outcomes without expanding existing algorithms. Hence, NLP and 

standardization are counterparts in which high-end NLP tooling makes standardization 

redundant, but proper standardization can improve the structured data and the 

accuracy of the NLP tool.  

Several limitations of this study should be mentioned of which the small sample size is 

the most important one. Furthermore, this algorithm is only trained at one specific 

dataset of one radiological department. Therefore, overfitting is a concern. Although 

this has not been the main goal of this pilot, future work should focus on external 

validation.   

In addition, future work should be done to explore how NLP algorithms can increase 

the value of the radiological report when, for instance, they are incorporated in the 

reporting process. Live classifications can be displayed when an algorithm is processing 

the free text during reporting. An algorithm can also notify the reporter when 

information about a specific item is missing. In addition, this tumor staging algorithm 

can also be used for restaging earlier staged tumors according to the current TNM 

edition. As such, NLP algorithms can be used in various ways to enhance reporting 

content and support the FAIR principles. 
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Conclusion 

NLP is a promising technology for mining free text radiological reports and can be 

introduced in English and in a small, non-English language such as Dutch. However, 

the proper implementation of a free text algorithm depends largely on the context of 

concepts mentioned in the report, more than on specific words. Implementing NLP and 

standardization should be balanced, and ratios adjusted depending on the available 

data. Future work should mainly focus on how to (gradually) use more machine or deep 

learning approaches. 
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Supplementary material  

Appendix 1: Concept synonyms 

 

Concept Regular expression (Dutch) SNOMED-CT concept 

(description in Dutch) 

SNOMED-CT subset of relevant 

supertype - subtype relationships 

(Dutch) 

tumor "(massa|tumor|nodu|haard|carci

no|laesie|letsel|\brip\b|\bRIP\b|r

uimte(-)?innemend 

process|maligniteit|verdicht|indi

cht)" 

108369006 | neoplasma 

(afwijkende morfologie) 

4147007 | massa 

27925004 | nodus 

52988006 | afwijkend weefsel 

19130008 | traumatisch letsel 

9656002 | consolidatie  

707496003 | inflammatie en 

consolidatie 

367651003 | maligne neoplasma van 

primaire, secundaire of onzekere 

oorsprong 

involvement "aan(ge)?tast|destructie|(door|in

)(ge)?groei|uitbreiding|betrokke

n|invade|invasie|induratie" 

248448006 | Involved  

 

66211004 | Extending 

385394007 | Tumor invasion by site  

129382001 | destructie 

45147008 | induratie  

 

lymph nodes lymf|nodes|klier 59441001 | structuur van nodus 

lymphaticus 

 

 

T2 Presence 

main_bronchus "(centrale|hoofd|hilair).*bronch 102297006 | structuur van 

bronchus principalis  

 

visceral_pleura pleura|longvlies" 81623005 | structuur van pleura 

pulmonalis 

 

 

T2 Involvement 

atelectasis atelect|samengevallen 46621007 | atelectase 

(aandoening)  

 

obstructive_pneumonitis obstructieve 

pneumoni|infect.*verander 

205237003 | pneumonitis 

(aandoening)  

 

 

T3 Involvement 

chest_wall borst.*wan|thorax.*wan|rib|costa

" 

78904004 | structuur van 

thoraxwand (lichaamsstructuur)  

113197003 | botstructuur van costa 

(lichaamsstructuur)  

nervus_phrenicus nervus.*(phrenicus|frenicus)" 50230006 | structuur van nervus 

phrenicus (lichaamsstructuur)  

 

parietale_pericard pericard 76848001 | structuur van 

pericardium (lichaamsstructuur)  

 

 

 

 

 

Precision, recall and F1-scores for the training set and the validation set. 
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T3 Presence 

satellite_nodule satelliet.*" 396408009 | Specimen 

involvement by satellite 

nodule(s) present (finding)  

 

 

T4 Involvement 

diaphragm diafragm|middenrif 5798000 | structuur van 

diaphragma (lichaamsstructuur)  

 

mediastinum mediast 72410000 | structuur van 

mediastinum (lichaamsstructuur) 

427352001 | Tumor invades 

mediastinum (finding)  

 

heart hart|epicard 80891009 | structuur van cor 

(lichaamsstructuur)  

6871001 | structuur van epicardium 

(lichaamsstructuur)  

great vessels grote vaten|centrale 

vaten|aorta|vena cava|vcs|VCS 

3711007 | structuur van grote 

vaten (lichaamsstructuur) 

81040000 | structuur van arteria 

pulmonalis (lichaamsstructuur) 

3711007 | structuur van grote vaten 

(lichaamsstructuur) 

181368006 | gehele vena cava superior 

(lichaamsstructuur) 

15825003 | structuur van aorta 

(lichaamsstructuur)  

trachea trachea|luchtpijp 44567001 | structuur van trachea 

(lichaamsstructuur) 

 

recurrent_laryngeal_nerve recurrens 731050007 | gehele nervus 

laryngeus recurrens 

(lichaamsstructuur) 

280300006 | structuur van linker nervus 

laryngeus recurrens (lichaamsstructuur) 

280299003 | structuur van rechter 

nervus laryngeus recurrens 

(lichaamsstructuur)  

oesophagus oesophagus|slok|oesofagus|oesof|o

esop 

32849002 | structuur van 

oesofagus (lichaamsstructuur) 

 

vertebral body wervel|vertebra 3572006 | structuur van corpus 

vertebrae (lichaamsstructuur) 

420345000 | structuur van vertebra 

(lichaamsstructuur)  

carina carina 28700002 | structuur van carina 

trachea (lichaamsstructuur 

 

 

T4 Tumor in different lobes 

superior_lobe_right echter\s{0,1}bovenkwab|boven\s{0,

1}kwab rechts|\bRBK\b|\bRBL\b 

362898004 | structuur van kwab 

van rechter long 

(lichaamsstructuur) 

 

superior_lobe_left linker\s{0,1}bovenkwab|boven\s{0,1

}kwab links|\bLBK\b|\bLBL\b 

44714003 | structuur van 

bovenkwab van linker long 

(lichaamsstructuur) 

 

middle_lobe midde.*(kwab|lob)|\bMK\b|\bML\

b 

72481006 | structuur van lobus 

medius pulmonis dextri 

(lichaamsstructuur) 

 

inferior_lobe_right "rechter\s{0,1}onder\s{0,1}(kwab|lo

b)|onder\s{0,1}(kwab|lob) 

recht|\bROK\b|\bROL\b" 

266005 | structuur van 

onderkwab van rechter long 

(lichaamsstructuur) 
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inferior_lobe_left "linker\s{0,1}onder\s{0,1}(kwab|lob

)|onder\s{0,1}(kwab|lob) 

link|\bLOK\b|\bLOL\b" 

41224006 | structuur van 

onderkwab van linker long 

(lichaamsstructuur) | 

 

 

 

Regular expressions used for key classification concepts tumor and involvement, corresponding SNOMED-

CT concepts and incomplete list of relevant supertype-subtype relationships can be found below. In the 

column ‘Regular expression’ the colors indicate if the synonym could be found (green) or could not be found 

(red) in the Dutch edition of SNOMED-CT. 

 

Appendix 2: Mentions related to context 

 
Uncertainty mentions found in reports (context categories ignored for involvement and present concepts) 

Original mention in Dutch Translation in English 

dit kan een … 

cave 

enige massawerking ter plaatse van de vaten / op de vaten 

zichtbaar lijkt 

Ingroei in het mediastinum op basis van deze scan niet 

duidelijk zichtbaar. 

een en ander verdacht voor primair carcinoom 

zonder aanwijzingen voor ingroei  

“Doorgroei in het … is niet met zekerheid uit te sluiten.” 

“Ook hier mogelijk enige uitbreiding buiten het longvlies.” 

geen directe ingroei zichtbaar 

is het beeld niet geheel typisch voor primair 

longcarcinoom. 

mediastinale ingroei niet geheel is uitgesloten 

verdenking op satellietlaesie 

this can be a… 

be aware of 

some mass effect at the location of the vessels / on the vessels 

seems visible 

Extension into the mediastinum is not clearly visible, based 

on this scan. 

suspected for primary carcinoma 

without indication of involvement 

"Extension in the ... cannot be completely ruled out." 

"Here too, extension outside the peritoneum is possible." 

no direct ingrowth visible 

the imaging picture is not typical for primary lung 

carcinoma. 

mediastinal involvement cannot fully be excluded 

suspicion of satellite lesion 

 

These are actual mentions selected from the reports in the corpus to highlight the extensive usage of context 

in the language used. 

 

Appendix 3: Mentions related to involvement 
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deels tegen … aangelegen

onregelmatige spiculaire begrenzingen en vertoont tractie …
hierbij reikt de massa tot aan …

irregular spicular boundaries and shows traction on … 
the mass reaches towards …

 

These mentions are not incorporated in the algorithm (e.g. regular expressions or ‘regex’ for involvement) 

but show the usage of free text to indicate almost involvement. 
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Abstract  

Background: In the era of datafication it is important that medical data is accurate and 

structured for multiple applications. Especially data for oncological staging needs to be 

accurate to stage and treat a patient, as well as population-level surveillance and 

outcome assessment. To support data extraction from free text radiological reports, a 

Dutch Natural Language Processing (NLP) algorithm was built to quantify T-stage of 

pulmonary tumors according to the Tumor Node Metastasis (TNM) classification. This 

structuring tool was translated and validated on English radiological free text reports. 

A rule-based algorithm to classify T-stage was trained and validated on respectively 200 

and 225 English free text radiological reports from diagnostic Computed Tomography 

(CT) obtained for staging of patients with lung cancer. The automated T-stage extracted 

by the algorithm from the report was compared to manual staging. A Graphical User 

Interface was built for training purposes to visualize the results of the algorithm by 

highlighting the extracted concepts and its modifying context. 

Results: Accuracy of the T-stage classifier was 0.89 in the validation set, 0.84 when 

considering the T-substages, and 0.76 when only considering tumor size. Results were 

comparable with the Dutch results (respectively 0.88, 0.89 and 0.79). Most errors were 

made due to ambiguity issues that could not be solved by the rule-based nature of the 

algorithm.  

Conclusions: NLP can be successfully applied for staging lung cancer from free text 

radiological reports in different languages. Focused introduction of machine learning 

should be introduced in a hybrid approach to improve performance. 

 

Introduction 

Radiological reports contain an extensive amount of historical information about the 

patient and their current disease status over a prolonged period of time [1]. Ideally, 

information from such reports should be available as structured data that can easily be 

communicated and reused. Instead, these reports are generally at best semi-structured 

free text reports, which takes a human reader to interpret. Natural Language Processing 

(NLP) techniques provide solutions for the extraction of structured data from 
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unstructured text and has been applied to many healthcare purposes and may help to 

extract structured information from radiology reports [2].   

Specific NLP algorithms already exist to find tumor specific information in radiological 

reports to extract, for instance, cancer outcomes [3-6]. Next to extracting tumor 

endpoints and follow-up from radiological reports, NLP algorithms can also be used to 

extract tumor staging from free text. An example is a Dutch rule-based NLP algorithm 

that can extract the T-stage for lung cancer according to the Tumor Node Metastasis 

(TNM) oncology classification system from the free text radiological reports of chest 

Computed Tomography (CT) scans [7, 8]. Lung cancer is the most common oncological 

cause of death, with imaging playing a great part in its diagnosis and staging [9]. 

Therefore, improvements in the reporting and staging process may be valuable. 

Specifically, it may speed up workflow and enhance the quality and accuracy of the 

radiological report, as well as communication between health professionals. 

The Dutch algorithm analyses the radiological report and extracts tumor stage with an 

accuracy score of 0.83-0.87. In addition, this algorithm can also be used for (re)staging 

historical data, which may be useful, for instance, in cases that have been classified with 

an older version of the TNM classification system or adjustments with newly available 

data. An NLP algorithm can therefore function as an important solution to increase the 

value of the radiological report. Implementation of this NLP algorithm can also act as a 

method to extract and convert unstructured free text information into stored structured 

information from radiological reports. This is important, because structured stored data 

can be processed more easily than free text for clinical or research purposes [10]. This is 

of particular interest when realizing that over the past years a shift towards structured 

reporting has been promoted by the Radiological Society of North America (RSNA) and 

the European Society of Radiology (ESR). The goal of this is to increase the value of the 

radiological report and allow for better content datafication [11, 12]. Moreover, the ESR 

published guidelines for radiologists on reporting and good practice, which highlights 

the need for better reporting, also promoting the potential of (multilingual) structured 

reporting [13, 14]. Also, several surveys of radiologists show a global shift towards the 

use of structured reporting in radiology [15, 16], as many radiologists appreciate the 

benefits of structured reporting, such as report clarity, communication and data 

mineability [17, 18]. Although the NLP approach does not use a strict structured 
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reporting format like a point-and-click system, drop down menu or template to insert 

structured data elements, it does analyze the old-fashioned free text report to create 

structured data during or after the reporting process. Thereby, this NLP algorithm can 

also be used on old free text reports to extract T-stage according to the current standards 

and can help quality assessments of oncological registries.  

This algorithm is only capable of processing Dutch staging CT reports and is therefore 

only proven to be effective in Dutch. With the translation of used regular expressions it 

may be possible to translate the algorithm into other languages, like English. In 

addition, to increase understanding of the algorithm and to utilize its full potential, 

building a Graphical User Interface (GUI) might increase the usability and clinical utility 

of the algorithm. The hypothesis of this study is that the Dutch algorithm can be 

translated into English to allow for analysis of English free text radiological reports.  

This paper presents the process of translation, implementation and validation of the 

Dutch pulmonary T-stage algorithm to reports written in English with the use of a GUI. 

 

Methods 

Corpus description 

After institutional review board approval at the participating medical center, an existing 

retrospective lung cancer clinical database of patients treated at the institution was used 

to search for radiological reports of diagnostic CT or Positron Emission Tomography-

Computed Tomography (PET-CT) scans, performed at initial cancer staging. Inclusion 

totaled 425 radiological reports of patients with primary pulmonary oncology of which 

the full report of the staging examination was available. Cases were excluded in case of 

1) follow-up and restaging reports (second opinions), 2) cases with two primary tumors 

or 3) incomplete reports (no full text and/or primary staging report available). The first 

200 reports formed a training set, the remainder of the cases composed a validation set 

(n = 225). Tumor and report characteristics of both groups are shown in Table 1.  
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Training  

(n = 200) 

Validation 

(n = 225) 

TNM substage   

T1a 4 6 

T1b 27 31 

T1c 42 42 

T2 6 3 

T2a 32 44 

T2b 27 23 

T3 33 41 

T4 29 35 

Report format   

CT 106 120 

PET 77 88 

PET/CT 17 17 

 

Table 1. Cohort composition of the training and validation sets Included report statistics by T-substage 

for the training and validation sets. 

 

Determining T-stage 

The radiology reports were created using a speech recognition device and contained free 

text concerning at least the lungs. Three different report formats that could be discerned 

were all included: a strictly radiological CT report, a PET-CT report in which radiological 

information was blended with the nuclear diagnostic information and a more structured 

PET-CT format in which the two types of information were separated in the report. Most 

reports used subheadings for the body part lung, like Thorax or Chest. Also, other body 

parts were described in most of the reports and consisted of different combinations of 

the following elements: History, Comparison, Technique, Findings (CT and/or PET-CT), 

Head, Neck, Chest, Mediastinum, Abdomen, Pelvis, Bones and Musculoskeletal.  

Because TNM-stage was not separately mentioned in these clinical reports, the T-stage 

was classified manually retrospectively from the report, according to the AJCC 8th 

edition TNM classification [7]. The authors agreed on annotation guidelines for proper 
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labeling and the T-stage was only scored if it was stated as being certain. In ambiguous 

cases, final T-stage was determined after reaching consensus between two authors.  

 

Modifications for use in English 

The training set was used to identify the specific structure and the indentation of the 

reports. Furthermore, the used subheadings had to be identified in the training set to 

correctly whitelist or blacklist specific sections of the report. To find proper English 

synonyms, the Dutch regular expressions, containing all synonyms and variants which 

are linked to the Systematized NOmenclature of human MEDicine-Computed 

Tomography (SNOMED-CT) terms [19] were translated and used as a starting point. 

These Dutch regular expressions were used to build an English Regular Expression 

(RegEx) per concept, which included the accompanying SNOMED-CT label to assure 

for proper ontology-based standardized classification. The used synonyms in English 

and their accompanying RegEx and ontology-based SNOMED-CT terms can be found 

in Appendix 2.  

 

Algorithm structure 

This study used the same lung cancer T-stage algorithm structure as the Dutch 

language-based algorithm, in which processing was subdivided in a preprocessing and 

a processing step to consecutively clean and process the radiological report [8]. Three 

similar items from the T-staging method had to be extracted (size, presence and 

involvement) before the T-stage classifier was able to stage the full T-stage (Fig. 1). Open-

source part-of-speech (POS) tagging, NLP software library spaCy and pyContextNLP 

were used for number extraction, sentence segmentation and context validation [20, 21]. 

In addition to the Dutch algorithm, a blacklist had to be added to ignore sentences 

containing (mass) sizes in organs or body parts other than the lung, as some PET-CT 

scans covered more than only the thorax.  
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Figure 1. T-stage classifier. Schematic overview of T-stage classification. In the pre-processing step the 

raw data of the report is prepared for the actual processing. In the processing step tumor size extraction 

and a T-stage presence check of abnormalities and its involvement is performed. 

 

Analysis 

Analysis of the data was performed in order to assess the separate accuracy scores of the 

training and validation set for the T-stage (e.g. T1-T4) and the T-substage (e.g. T1a, T1b, 

T1c). In addition, T-stage, in which only size was used for classification, was calculated 

and compared with the Dutch results. Recall (i.e. sensitivity), precision (i.e. specificity), 

and F1 measure (i.e. combined metric for precision and recall) for the T-stage classifier 

have been calculated for all substages in the training and validation set. To further 

differentiate outcomes, the total number of errors were grouped by category into 

context, concepts, standardization, complexity ambiguity, preprocessing and reporter.  

 

Graphical User Interface 

For this study a GUI, called MedStruct, was built to train and visualize the results of the 

algorithm by highlighting the extracted concepts and its modifying context (Fig. 2) [2].  
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Figure 2. Two screenshots of the Graphical User Interface MedStruct with the original report on the left 

side and its T-stage on the right side, combined with the items size, present and involvement. Also N 

(nodal stage) and M (metastatic disease) are mentioned for future use. By using drop down menus stages 

can be adjusted (upper). Annotated report at the left side and a feedback form at the right (lower). [22] 
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This was especially useful for finding proper synonyms as well as for analyzing and 

adjusting errors during training. To enable this GUI, the algorithm has been re-

implemented into five reusable NLP pipeline microservices without changing the 

approach of the algorithm nor the algorithm itself (Fig. 3). The total pipeline now 

consists of a preprocessing component, spaCy, pyContextNLP, measurement extractor 

and the T-stage classifier. A web application has been created in which the report can 

be inserted or edited. The T-stage classification is automatically extracted and the result 

is immediately displayed.  

The GUI highlights concepts and modifiers found in the report and displays the 

location, size, presence and involvement items on which the T-stage is based. Items can 

be adjusted using implemented drop down menus. 

 

 
 
Figure 3. Schematic overview of the MedStruct pipeline, in which five different microservices are present: 

preprocessing, spaCy, pyContextNLP, measurement extractor and T-stage classifier. The report can be 

processed either from an Excel file or direct from the Graphical User Interface (GUI). All components use 

an intermediate JavaScript Object Notation (JSON) annotation format to chain the pipeline components 

and can be consumed over REpresentational State Transfer (REST) or chained using a message broker. 

The use of a JSON annotation format simplifies reusability of the different components, enables mixing 

programming languages, prevents for duplicate processing and guarantees token alignment between 

components. This implementation saves annotations at token level instead of sentence level, which 

enables precise highlighting of annotations in a GUI. Detected tumor and lymph nodes are stored as 

objects in a list, allowing for detection of concurrent mentions. Documents can now be processed 

individually with the same rule-based algorithm.  
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Results 

Algorithm performance 

The manually annotated T-stages and the report formats of the included reports were 

equally distributed in the training and validation set (Table 1). Only substages T1a and 

T2 have lower F1-scores in both the training and validation set compared to the other 

stages. This might be due to the fact that these are underrepresented in this cohort. 

The T-stage classifier accuracy was 0.89 for both the training and validation set, 0.87 

and 0.84 when considering the T-substages and 0.78 and 0.76 when only using tumor 

size for classification (Table 2).  

 

English  Dutch  

Training  

(n = 200) 

Validation 

(n = 225) 

Training 

(n = 47) 

Validation 

(n = 100) 

 

Accuracy T-

substage  

Accuracy T-stage 

 

Tumor size based  

T-stage 

 

 

Table 2. T-stage classifier accuracy scores of training set and validation sets in the English cohort and the 

Dutch cohort. In the Dutch group, the outcomes with the new processing structure are recalculated at the 

substage level. 

 

The accuracy rates of the Dutch algorithm are added in the same table, showing the 

same outcomes in respectively the training (n = 47) and validation set (n = 100). A 

confusion matrix is shown in Fig. 4, where actual T-stage (true label) is compared with 

the predicted T-stage (predicted label). 
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Figure 4. Confusion matrices of the T-stage classification on training and validation sets. Confusion 

matrices of the T-stage classification training set (upper) and validation set (lower) 

 

In addition, the recall (i.e. sensitivity), precision (i.e. specificity), and F1 measure (i.e. 

combined metric for precision and recall) for the T-stage classifier are shown in Table 

3.  
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Table 3. Precision, recall and F1-scores T-substage for the training set and validation set. 

 

In Table 4, errors made in the training set and validation set have been grouped into 

specific categories. In total, 27 (13.5%) errors were made in the training set and 35 

(15.6%) errors in the validation set. Most errors were scored in the ambiguity category 

for the training (48.1%) as well as the validation set (51.4%). 

 

Error Group Error Type Description Training 

(n = 200) 

Validation  

(n = 225) 

Data selection 

 

Sectionizer Detects information in wrong 

subheadings 

1 3 

Missing blacklist 

synonyms 

Falsely matched / falsely not 

excluded 

0 5 

Context  Context missing Context not matched because 

of missing modifier 

1 0 

Context 

mismatch 

Context mismatch, wrong 

modifier detected  

1 3 

Concept 

Matching 
 

Measurement 

Extractor 

e.g. using abbreviations (e.g. 

(AP) x (TVR) x (SI)) 

1 2 

Complexity T4 multiple lobes  2 1 

Ambiguity Confusion between node and 

mass (specific site: hilar) 

4 7 

Non-specific 4 9 

Training Precision Recall F1 score 

T1a 0,50 0,50 0,50 

T1b 0,92 0,89 0,91 

T1c 0,90 0,86 0,88 

T2 0,67 1,00 0,80 

T2a 0,85 0,91 0,88 

T2b 1,00 0,89 0,94 

T3 0,82 0,85 0,84 

T4 0,83 0,83 0,83 

Validation Precision Recall F1 score 

T1a 1,0 0,50 0,67 

T1b 0,83 0,65 0,73 

T1c 0,82 0,88 0,85 

T2 0,60 1,00 0,75 

T2a 0,83 0,89 0,86 

T2b 0,88 0,91 0,89 

T3 0,90 0,88 0,89 

T4 0,84 0,89 0,87 
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Missing 

concepts 

synonyms 

Lobulated 1 0 

Cystic 2 0 

Pleural thickening 1 0 

Spinal metastasis 1 0 

Costal involvement 0 1 

Supraclavicular extension 0 1 

Reporter Wrong input Different sizes for the same 

tumor, no unit (mm/cm) 

present, size for tumor and 

atelectasis 

7 2 

Satellite node 1 1 

  Total Errors   27 35 

 

Table 4. T-stage errors by category for training and validation sets. 

 

Graphical User Interface 

By using this tool (Fig. 2), the report and the tumor specific concepts are shown in a 

structured layout. Items that are present, missing or incorrectly stated can now be 

visualized. For instance, when tumor size or its unit is missing, size is not mentioned in 

the user interface and final T-stage will not be extracted properly. To increase its 

functionality, providing feedback and correcting errors, it is possible to adjust the 

proposed T-stage by changing the concepts found using drop down menus overruling 

the algorithm. In addition, this adjusted report can be saved anonymously and can be 

used as feedback to further improve the algorithms’ future accuracy. As such, this tool 

can also function as a corpus builder when reports are being created. A consequence of 

the language-independent output format of our algorithm is that the Dutch algorithm 

is also available in the same GUI. The language can be set by clicking on a button. 

 

Discussion 

This study was performed to transfer and externally validate the Dutch rule-based 

pulmonary tumor T-stage NLP algorithm in an English cohort with the use of a GUI. 

Accuracy scores in this English study were similar to the scores found in the Dutch 
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cohort. The results confirm that the used strategy according to size, involvement and 

presence is viable and can also be implemented in a different language other than Dutch. 

The approach to find appropriate synonyms according to the Dutch outcomes (i.e. 

synonyms and found SNOMED-CT terms) was sufficient to get started. Adjusting the 

synonyms, without changing the algorithm itself, was enough to increase its accuracy. 

This again shows that the rule-based approach is very promising and can be 

implemented with a fairly high accuracy. Especially when taking into account that 

collecting data, and training and validation of the algorithm was done in roughly four 

weeks.  

When looking at the separate F1 scores, outcomes are slightly higher in the training set, 

but still have overall decent scores. The confusion matrices show that this algorithm 

tends to slightly overstage lower T-stages (up to T2a) and slightly understage the higher 

T-stages (from T2b onwards). This can be partly explained by the fact that it is more 

plausible to overstage a lower T-stage and understage a higher T-stage. However, as 

described in the following sections, this is most likely the result of difficulties 

experienced with the overall reporting differences and can be further explained with 

highlighting the errors made by category and improving the algorithm as stated below. 

 

Overall reporting differences 

One of the most important things was to find differences in reporting manner between 

the Dutch and English setting. Therefore, it was necessary to analyze the reports on a 

fundamental basis to find differences in reporting manner and used vocabulary in 

addition to the local used subheadings and layout. Because this cohort also used PET-

CT scans in addition to CT scans, subheadings had to be added and the processing 

format had to be adjusted. 

When looking at the reporting manner and the vocabulary used, the description of 

lymph node locations was found to be different in English as they are described in words 

(e.g. subcarinal) and not by numbers (e.g. level 7) as commonly done in Dutch reports. 

Another important finding was that the word ‘involvement’ and its conjugations 

(‘involv’-ing) was not exactly interchangeable, because involving has a more ambiguous 

meaning in English than the Dutch word for involvement (‘ingroei’ - extension), which 

is very specific.  
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Furthermore, Dutch reports mention involvement when involvement is certain or 

suspected with a high level of certainty. Possible but less certain involvement is 

commonly not mentioned. The included English reports use more frequently terms to 

describe possible invasion without stating the exact certainty of the invasion with words 

such as ‘extending towards’, ‘abutting’ or ‘in close relation with the tumor’. As the 

algorithm was trained on matching the specific concept for invasion and the invaded 

concept, outcomes were more often falsely matched, in turn leading to false positive 

results.  

 

Errors made by category 

 

Data selection 

In this category especially the blacklist in the validation set was not sufficient enough, 

which resulted in five entities that were falsely classified as tumor, but were benign 

lesions (for instance a benign kidney cyst with a size). As a consequence, these benign 

entities and its sizes were falsely seen as a tumor, resulting in an overestimation of the 

actual tumor size.  

 

Context matching 

Errors made in this category were due to a mismatch between the concept and the 

context. This happened for instance when a report lacked tumor dimensions, but 

instead was called ‘large’. Because tumor size is needed for the algorithm to appreciate 

something as a mass, this mass was missed. Another difficulty was to find sufficient 

synonyms for the ambiguous term atelectasis, which can be referring to either a post-

obstructive atelectasis, which is a concept for the item presence in T2 tumors, or a 

regular seen non-tumoral gravity related atelectasis. Specific atelectasis related 

adjectives (basal, bilateral, subsegmental, etc.) were used to exclude gravity related 

atelectasis, as was done in the Dutch approach. However, this could not prevent some 

mismatches and overstaging of T1 tumors. 
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Concept matching   

Most errors are related to this category with several subcategories, of which ambiguity 

is the largest contributor. Errors in this category were mainly due to difficulties in 

differentiating a lymph node from a tumor mass and difficulties in finding its proper 

location. This is especially true for the hilar region. For instance, a lymph node can be 

described as ‘a (lymph nodal) subcarinal mass’ and a tumor as ‘a (peri)hilar node’, 

making its exact location, and whether this is a primary tumor, less clear. Inserting more 

specific synonyms for involvement (i.e. involvement in(to)) and specific terms for lymph 

node and mass location (i.e. subcarinal lymph node) increased accuracy, but could not 

be solve this problem entirely. This was in Dutch reports a lesser problem because 

lymph node levels are mostly mentioned by level number.  

The error type missing/misuse concept synonyms is of particular interest because it 

shows difficulties caused by the rule-based algorithm approach best. One error in this 

subcategory was made because there was a size at an involvement concept (visceral 

pleura) that therefore could not be blacklisted (e.g. ‘pleural thickening of 8,6 cm’). Also 

the opposite errors existed in cases, in which a cystic pulmonary tumor was missed 

because the word cyst was blacklisted to not falsely match a renal cyst. In addition, it 

was not possible to differentiate osseous destruction caused by the primary tumor from 

destruction caused by a vertebral metastasis. The complexity subcategory and errors 

made by the measurement extractor have similar difficulties in which it is difficult to 

match a different tumor in the same lobe of the ipsilateral lung or match a tumor size 

when the size is written in an uncommon format.  

 

Reporter 

This category included errors which can be explained by stating wrong tumor size, or 

mentioning it twice, or incorrectly reporting the presence of a satellite nodule. As the 

algorithm demands a unit for every size with its size is correlated to the stated lobe, it 

is possible that a tumor without a unit is missed, a tumor with two different sizes is 

overestimated and a satellite nodule in a different lobe is missed. As such, correctly 

stated input is of great importance. 
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Improving the algorithm 

The described rule-based algorithm is promising, but this approach is a tradeoff 

between missing a lung tumor and finding a false mass. The rule-based nature of the 

use of the sectionizer and regular expressions is not extensive enough to exclude the 

ambiguities, nor to find sections when those were not present in the training set. 

Furthermore, the context analysis does not search for dependency relations resulting in 

mismatches between concept and context. In addition, the rule-based approach does 

not seem extensive enough, as the T-stage based on only tumor size has an accuracy of 

respectively 0.78 and 0.76 in the training and validation sets. The additional set of rules 

improves the outcome only by 0.08-0.09. 

Although NLP can be successfully applied in free text reports, its accuracy will benefit 

from increasing levels of structure and standardization in the report. In addition, 

machine learning is thought to increase the accuracy score by finding more related 

synonyms based on a larger amount of data. This can be achieved by using, for instance, 

word embeddings. This allows for more extensive analysis of the context, because 

specific concepts are often embedded by the same set of modifiers.  

Although machine learning may be a promising addition, it requires much more 

annotated data for training purposes. Availability of these large amounts of specific data 

is sometimes an issue, especially at the beginning of a new measurement method or a 

new edition of the TNM-staging. In addition, extracting and labeling large amounts of 

data is expensive and time consuming. Therefore, it is important to learn from this 

baseline study and explore where exactly implementation of machine learning or deep 

learning methods could increase outcomes. Focusing on finding accurate synonyms 

(e.g. gravity dependent atelectasis/non-oncological atelectasis), distinguishing tumor 

from lymph node and accurate matching of contextual information to the right concepts 

might be a way to improve the algorithm. This hybrid approach could increase 

outcomes more efficiently, without the need to annotate a vast amount of data. This 

could result in lower costs and speeds up the availability of these algorithms. In 

addition, less specific data can be used to train the algorithm because only the 

experienced difficulties need to be trained. For instance, non-oncological atelectasis is 

also mentioned in non-oncological CT or PET-CT scans.  
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Clinical significance and future perspectives 

Future work should focus on improving the algorithm, but research can also be aimed 

at how such algorithms can help with restaging tumor classifications across staging 

editions or how a classification GUI can be implemented in clinical practice.  

In this study, the GUI is only used for finding, analyzing and adjusting errors during 

training. However, this tool can also be implemented for (live) staging during the 

reporting process. When connected to the directory in which reports are made, (live) 

staging aids the reporter in increasing accuracy, completeness and quality of the report 

by making sure that specific concepts are mentioned in the free text report by looking 

at the (already filled in) structured format. The GUI can notify the reporter with a pop-

up screen that pivotal information is missing. In this study, 8 and 3 reporter related 

errors were found in, respectively, the training and validation set. These could be 

prevented when information was checked before finishing the report. The use of this 

algorithm with the GUI could have increased the report accuracy (i.e. quality of the 

report) by 1.5-4.0%. As such, the GUI might lead to better reports and perhaps also 

nudge the radiologist to more structured and standardized reporting as they see the 

direct effect of that in the GUI.  

Moreover, the potential of these types of algorithms will be further enhanced when they 

are used in less difficult settings, such as automatic extraction of the TIRADS (Thyroid 

Imaging Reporting And Database System) classification of thyroid nodules as described 

in thyroid ultrasounds. Automatically stating the Bosniak classification on CT scans 

used to describe cystic renal masses may be another example. When we can also 

combine Artificial Intelligence (AI)-based automated image extraction information 

tools (e.g. tumor size extractor), it might be possible to prefill the radiological report 

and assist the reporter and the algorithm further.  

A different opportunity of NLP is to extract certain endpoints, such as the presence of a 

specific disease or important or incidental findings. This can be used to 

(semi)automatically warn the referring specialist or plan a follow-up appointment.  

As such, applying these algorithms in clinical practice can be complementary to 

structured reporting in radiology. It automatically checks the free text report for specific 

items and converts these items into a structured format, without extensively changing 

or interfering the way of reporting. This is especially of importance in times of 
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datafication and increased need for data standardization as promoted by the ESR and 

RSNA. It shows that also NLP or rule-based algorithms can reinforce the radiologist and 

their reports, further supporting the reporting process.  

 

Limitations  

A limitation of using a rule-based approach building this T-stage algorithm is that 

specific boundaries had to be determined if those were not specified by the TNM. For 

instance, it was necessary to specify the size of the node in the ipsilateral side of the 

main tumor in a different lobe for T4 stage (>1 cm) and the size for a different tumor in 

a different lobe (>1 cm).  

Another limitation was that we had to determine the strictness of the algorithm, and 

more specifically on concepts such as involvement or presence. It is debatable whether 

only obvious invasion should be accounted for an involved concept or whether terms 

like ‘likely’ or ‘probably’ should be added to the invaded concepts. However, the 

presented rule-based algorithm can be configured. Furthermore, the obtained T-stage 

by this algorithm is a radiological T-stage. This may be different from the final T-stage, 

which generally also requires additional clinical information.  

Lastly, the T-stage scoring process was done by one author (JMN). In case of uncertainty 

and/or ambiguity, a second author (JW) was consulted, after which consensus was 

reached between two authors. Although future validation studies should also look at 

aspects of interrater variability, the primary goal of the current study is to explore 

whether the Dutch algorithm could be useful when translated into English. 

 

Conclusion 

NLP is a promising tool that can be used in extracting specific information from 

radiological reports concerning T-stage in pulmonary oncology. The used Dutch 

algorithm could be successfully translated and validated in an English dataset and this 

will likely be feasible for other languages as well. Focused implementation of more 

machine learning strategies and the use of a Graphical User Interface should lead to 

higher accuracy, as an effect of better report quality.  
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Supplementary material 

Appendix 1: Annotation guidelines 

 Stated as being certain 

 Secondary tumor ipsilateral: size > 1,0 cm 

 Atelectasis by tumor 

 Satellite nodules only when in the same lobe  

 

Appendix 2: Concept synonyms 

Regular expressions used for classification concepts tumor and involvement, 

corresponding SNOMED-CT concepts.  

 

General  

concept regular expression SNOMED CT concept 

tumor '(tumor|tumour|carcino|malign)' 108369006 | Neoplasm (morphologic 

abnormality) 

involvement 'affecting|attacking|injuring|destr

uct|ingrowth|growth|(extension|e

xtends|extending|expansion)[ 

]*(in|into)|(involvement|infiltratio

n)[ ]*of|involve|invading 

in|invas|invades' 

248448006 | Involved (qualifier value) 

lymph nodes 'lymph|lymph.*node' 

  

59441001 | Structure of lymph node 

(body structure)  

  

T2 Presence 

concept regular expression SNOMED CT concept 

main_bronchus 

visceral_pleura 
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T2 Involvement 

concept regular expression SNOMED CT concept 

atelectasis 

obstructive_pneumo

nitis 

  

T3 Involvement 

concept regular expression SNOMED CT concept 

chest_wall 'chest.*wall|thorax.*wall|rib|costa’

nervus_phrenicus 

parietale_pericard 

  

T3 Presence 

concept regular expression SNOMED CT concept 

satellite_nodule 

  

T4 Involvement 

concept regular expression SNOMED CT concept 

diaphragm 

mediastinum 

heart 

great vessels 

trachea 
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recurrent_laryngeal

_nerve 

oesophagus 

vertebral body 

carina 

  

T4 Tumor in different lobes 

 

  

concept regular expression SNOMED CT concept 

superior_lobe_left 

middle_lobe 

inferior_lobe_right 

inferior_lobe_left 



121

5

Chapter 5 | Translating into a multi-language setting 





119 
 

Chapter 6:  

Automated pulmonary oncology staging from free 

text radiological reports: extending the Dutch 

algorithm towards full utilization 

Sander Puts*, J. Martijn Nobel*, Catharina M.L. Zegers,  

 Iñigo Bermejo, Simon G.F. Robben, André L.A.J. Dekker 

*Equally contributing authors 

Adapted from JMIR Formative Research (JFR) (2023) 



124

6

120 
 

Abstract  

Natural Language Processing (NLP) is thought to be a promising solution to extract and 

store concepts from free text in a structured manner for data mining purposes. This is 

also true for radiology reports, which still consist mostly out of free text. Accurate and 

complete reports are very important for clinical decision support, for instance in 

oncological staging. As such, NLP can be a tool to structure the content of the radiology 

report, thereby increasing the report’s value.  

This study describes the implementation and validation of an N-stage classifier for 

pulmonary oncology. It is based on free text radiological chest Computed Tomography 

(CT) reports according to the Tumor Node Metastasis (TNM) classification, which has 

been added to the already existing T-stage classifier to create a combined TN-stage 

classifier.  

SpaCy, PyContextNLP and Regular Expressions (RegEx) were used for proper 

information extraction, after additional rules were set to accurately extract N-stage. The 

overall TN-stage classifier accuracy scores were 0.84 and 0.85 for, respectively, the 

training (n = 95) and validation (n = 97) sets. This is comparable to outcomes of the T-

stage classifier (0.84-0.88).  

This study shows that a rule-based approach is feasible, but heterogeneity of the 

radiological reports makes it difficult to improve the outcomes more. Machine learning 

is expected to be capable of increasing accuracy further, in which a hybrid approach 

could be the preferred way to get the best results.  

 

Introduction 

Staging oncological patients is of utmost importance to determine the most appropriate 

treatment regime to ensure the best outcome for the patient. The Tumor Node 

Metastasis (TNM) classification system is internationally accepted as a standard for 

proper staging of cancer patients [1]. Radiological imaging by means of a chest 

Computed Tomography (CT) scan is an important pillar for the TNM classification in 

clinical practice. Because the radiological report is the way to communicate 

observations to referring clinicians, the content of the report needs to be complete and 
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accurate [2, 3, 4]. Specifically, the Tumor (T), the Node (N) and the Metastasis (M) status 

should be known. However, the radiological report is in most cases still a free text report 

in which layout, structure, readability and accuracy largely depends on the reporter. 

 

Natural Language Processing (NLP) can be applied to extract specific information from 

free text. This can also be applied to radiological reports when, for instance, specific 

coding and structured reporting are not used [5, 6]. Already several studies have been 

performed using NLP in radiology and implementation in clinical practice seems just a 

matter of time [7, 8, 9]. Examples of specific oncological NLP implementations on 

radiology reports or the Electronic Health Record (EHR) are in oncological follow-up, 

tumor recurrence rates, follow-up of a critical oncological finding and uses for cancer 

registries [10, 11, 12, 13]. Also non-oncological studies have been performed using NLP to 

search for specific statements from pulmonary angiography reports, imaging reports of 

subdural hematoma in the acute setting or, more generally, to extract recommendations 

from radiology reports [14, 15, 16]. 

 

NLP has also been used in a recent and ongoing transnational project to extract the 

stage in pulmonary oncology from free text radiological chest CT scan reports [17]. The 

overall goal is to build a language independent algorithm that can extract pulmonary 

oncology staging according to the TNM classification. In prior work, a rule-based NLP 

algorithm was trained and validated on Dutch radiological reports before it was 

translated and validated on English reports, which showed an accuracy rate for T-stage 

ranging between 0.84-0.88. This rule-based approach is thought to be the easiest way 

to accurately determine the oncologic stage, as TNM is already a rule-based system. 

When for instance only machine learning (ML) strategies for staging were used, apart 

from the issue of correctly finding the specific concepts, the algorithm also needs to 

extract the set of rules of each concept from the training data, which requires a very 

large amount of data.  

 

For adequate staging, the N-stage should also be known. We hypothesize that, as the 

items to build the N-stage should be mentioned in the same radiological staging report 

as used to classify the T-stage, it should be possible to accurately extract the N-stage 
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from the report using a similar process as previously used for the T-stage. This paper 

describes the process of training and validation of extraction of the N-stage of 

pulmonary oncology of Dutch free text radiological chest CT reports and discusses 

whether this is a feasible tool in addition to the already validated rule-based T-stage 

algorithm.  

 

Methods 

Corpus description 

Ethical approval was waived at the participating institute. For this study, radiological 

reports of diagnostic chest CT scans used for the staging of pulmonary oncology were 

used. The training and validation sets consisted of respectively 95 and 97 reports. 

Reports were included when a primary pulmonary malignancy was described by a 

radiologist. The included free text radiological reports have been constructed by several 

different radiologists, other than the authors, using a speech recognition tool (G2 

Speech). Exclusion criteria were 1) restaging and follow-up reports, 2) cases with two 

primary tumors and 3) incomplete reports. The included reports were independently 

classified by two authors (JM, SP) according to the 8th TNM classification system [1]. For 

every report, the T-stage and N-stage was labeled. Because TNM stage was not specified 

in the radiological report, this had to be done manually. Annotation guidelines were set 

for proper and consistent labeling (see Appendix 1: Annotation guidelines). Tumor stage 

characteristics of both groups are shown in Table 1 (Cohort composition of the training 

and validation set). The layout of the included reports differed and contained one or 

more of the following subheadings: clinical details, description of the modality, report, 

body part and impression. 

 

The training set was used to identify the content of the radiological report to find the 

appropriate synonyms used for reporting N-stage. These synonyms were used to build 

new N-staging rules which were incorporated in the existing T-stage rule-based 

algorithm.  
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Training  
(n = 95) 

Validation 
(n = 97) 

 

T1aN0 0 0  
T1aN1 0 0  
T1aN2 1 0  
T1aN3 0 0  
T1bN0 7 2  
T1bN1 2 0  
T1bN2 1 1  
T1bN3 0 1  
T1cN0 7 9  
T1cN1 0 3  
T1cN2 2 5  
T1cN3 3 1  
T2N0 0 1  
T2N1 0 0  
T2N2 4 3  
T2N3 1 1  
T2aN0 4 5  
T2aN1 2 2  
T2aN2 2 3  
T2aN3 3 1  
T2bN0 4 2  
T2bN1 0 2  
T2bN2 4 6  
T2bN3 3 2  
T3N0 5 5  
T3N1 1 0  
T3N2 6 9  
T3N3 4 6  
T4N0 7 8  
T4N1 0 2  
T4N2 13 11  
T4N3 9 6  

 

Table 1. Cohort composition of the training and validation sets. 

 

Determining T-stage 

In this study, the same rule-based TNM T-stage algorithm was used as published earlier, 

with pre-processing steps, such as sectionizing, text cleaning, extraction of numbers and 

accurate sentence splitting [17]. The processing steps were based on the extraction of 
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three items important for T-staging using Regular Expressions (RegEx): size, presence 

and involvement (Fig. 1). Outcomes were used for T-staging the tumor (Appendix 2). 

 

 

 

Figure 1.  Schematic overview rule-based T and N-staging algorithm. In the pre-processing step, raw data 

of the report is prepared for actual processing. The processing is divided in T-stage and N-stage in which 

several subtasks are displayed to finally stage the pulmonary tumor and pulmonary lymph nodes. 
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Determining N-stage 

For extracting the N-stage of pulmonary oncological cases the 8th TNM classification 

was analyzed in detail and four items were recognized as important: (pathological) 

lymph node, lymph node level, lymph node side and tumor side (Fig. 1). To accurately stage 

the N-stage, the described lymph nodes had to be found and matched with its potential 

context first, to know whether or not the lymph node was a pathological lymph node. 

Therefore, synonyms of N-specific concepts, such as ‘lymph nodes’ and ‘pathological’, 

had to be found to build a specific RegEx per concept. Therefore, lymph node specific 

rules had to be built.  

For N-staging it was necessary to look more extensively at the relation between ‘context 

target’ and the ‘context modifiers’, because it appeared that a pathological lymph node 

was less specifically mentioned in the report than the primary tumor. A target could, for 

instance, be the concept for the word “lymph node” and the modifier the adjective, 

stating it is “enlarged”. Furthermore, an enlarged lymph node could be described by 

only text, but can also be highlighted by quantifying its enlarged size. This resulted in 

finding three distinct ways of mentioning the pathological lymph node in which, 1) 

“lymph node” and “pathological lymph node” had to be extracted, 2) “lymph node” and 

its pathological size and 3) “lymph node” and the word “pathological” had to be 

matched, and a specific RegEx had to be built per item. Regular expressions related to 

context, such as negations and uncertainty, could be reused from the T-staging process, 

but the additional category for “pathological” had to be added.  

Subsequently, the lymph node level had to be found and, since there are fourteen 

different thoracic levels, a RegEx was built per level. Furthermore, the side of the tumor 

and the pathological lymph node had to be extracted to define the lymphadenopathy to 

be ipsilateral, contralateral or bilateral. This was not necessary for extraction of the T-

stage, and specific rules for sentence analysis had to be set. Furthermore, the size of the 

lymph node was extracted by the measurement extractor component, which uses the 

number category of the open-source part-of-speech (POS) tagger as input. Finally, the 

tumor side was matched to the side of the pathological or enlarged lymph node and 

used for definitive N-staging (Appendix 2). 
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Statistical analysis 

For both the training and the validation set, the substage accuracy scores were 

calculated separately for the T-stage and the N-stage. Furthermore, the combined 

accuracy score (TN-stage) was scored for the training and validation sets. To find out 

whether the N-stage extension in this TN-classifier compromised the T-stage outcomes, 

also the earlier version of the algorithm, which was a T-stage classifier only, was run on 

the training and validation sets. In addition, the accuracy score was calculated when 

only tumor size was taken into account. 

Furthermore, the confusion matrices were built for the training and the validation sets 

to highlight the correlation between the actual N-stage and the predicted N-stage as well 

as for the actual TN-stage and the predicted TN-stage. In addition, the precision (i.e. 

specificity), recall (i.e. sensitivity) and F1 measure (i.e. combined metric for precision 

and recall) for the combined TN-stage classifier was calculated for the training and 

validation sets. Different types of errors were grouped by category for further analysis: 

data selection, context extraction, concept extraction and reporter errors.  

 

Graphical User Interface (GUI) 

A GUI was built to highlight the TN-stage of the report in the staging screen (Fig. 2). 

When the N-rules were set, these rules have been implemented in this tool to help with 

the staging check by visualizing the scored TN-stage by the algorithm and compare 

those with the manually extracted TN-stage.  
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Figure 2. Graphical User Interface (GUI) MedStruct.  
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Results 

The accuracy rates for the T-stage score were 0.87 and 0.92 for, respectively, the training 

(n = 95) and validation (n = 97) set. N-stage accuracy was, respectively, 0.96 and 0.92. 

The combined accuracy TN-stage scores were 0.84 and 0.85 for the training and 

validation sets (see Table 2: T, N and TN-stage classifier accuracy).  

 

TN-classifier T-classifier 

Training  

(n = 95) 

Validation  

(n = 97) 

Training  

(n = 95) 

Validation  

(n = 97) 

Accuracy T-stage (T-

substage) 

N/A N/A 

Accuracy N-stage N/A N/A 

Accuracy TN-stage N/A N/A 

Accuracy T-stage (size only) 

Accuracy T-stage (T-stage) 

 

Table 2. Accuracy scores of training and validation sets of the separate T-stage and N-stage and the 

combined TN-stage. For comparison, the T-classifier outcomes are shown for the current sets as well as 

the T-stage for only tumor size.   

 

When looking at the earlier version of the algorithm, which only classified the T-stage, 

the accuracy score of this combined TN-classifier performed slightly better than the T-

classifier. The confusion matrices are shown in Fig. 3, Fig. 4 and Fig. 5. 
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Figure 3. Confusion matrices of the N-stage classification only on the (a) training set and (b) validation 
set. 
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Figure 4. Confusion matrices of the T-stage classification only on the (a) training set and (b) validation 
set. 
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Figure 5a. Confusion matrices of the TN-stage classification on the (a) training set and (b) validation set. 

 
 
   

 
 
 
 
 

(a) 
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Figure 5b. Confusion matrices of the TN-stage classification on the (a) training set and (b) validation set. 

 

(b) 
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The precision, recall and F1 measure for the combined TN-stage classifier are shown in 

Table 3 (Weighted precision, recall and F1-scores of the TN-stage). 

 

 

 

 

 

Table 3. Weighted precision, recall and F1-scores of the TN-stage. 

 

The errors found were categorized into specific subcategories as shown in Table 4. 

Sixteen errors were made in the training set and 16 in the validation set leading to 15 

classification errors, with one error in both T and N-stage in one case, in both the 

training and the validation set. 

 

Error 

Group 

Error Type Description Training set  

(n = 95) 

Validation set 

(n = 97) 

Data 

selection 

Sectionizer  Subheadings not present or 

falsely not found – falsely 

correlation tumor or nodal 

description 

2 (1T,1N) 2 (2T) 

Context 

extraction  

Missing  Context not matched 

because of missing / falsely 

matched modifier 

Stated uncertainty not found 

accurately 

1 (1T) 3 (2T, 1N) 

Complexity  Context mismatch, wrong 

modifier detected: not or 

uncertainty 

4 (3T, 1N)  

Abdominal para-aortal 

lymph node 

 1 (1N) 

Concept 

extraction 
 

Missing  Synonym pathological  1 (1N) 

Ambiguity  Nodal description / station 2 (1T,1N)  

 
Precision Recall F1 score 

Training (overall) 0.89 0.84 0.86 

Validation 

(overall) 0.87 0.85 0.84 
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Tumor dependent 

atelectasis 

2 (2T)  

Pulmonary vein 1 (1T)  

Complexity  Size description 1 (1T) 1 (1T) 

T4 multiple lobes – implicit 

mentioning 

1 (1T) 1 (1T) 

Side implicit mention  1 (1N) 

Mention nodal status 1 (1N)  

Reporter  Wrong input  Typing / speech error 1 (1T) 2 (1T, 1N) 

Incomplete node 

mentioning (location or 

pathological) 

 3 (3N) 

Inconsistent tumor location  1 (1T) 

  Total errors   16* 16* 
*16 errors in total, leading to 15 wrong classification scores 

Table 4. TN-stage errors by category. 

 

Discussion 

This paper is another product of the effort to build a rule-based NLP algorithm to 

classify pulmonary oncology as reported in free text radiological CT chest staging 

reports according to the 8th TNM classification. In addition to the T-staging rules, 

specific N-staging rules were added to the algorithm in order to find four additional 

items necessary for proper N-staging: (pathological) lymph node, lymph node level, 

lymph node side and tumor side. 

The accuracy scores for the N-stage were 0.96 and 0.92 in, respectively, the training and 

validation set. This goes to show that this rule-based approach and the rules set are 

viable for extraction of the items necessary for proper N-staging. From the combined 

TN-stage accuracy scores for the training and validation set, respectively 0.84 and 0.85, 

it can be observed that outcomes are a bit lower. However, taking into account that 

both the T-stage and the N-stage had to be correct, accuracy is still reasonably high, and 

comparable with outcomes of the T-stage alone (0.84-0.88). The outcomes of the 

accuracy score of the TN-classifier are comparable or slightly better than the accuracy 
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score of the T-classifier only, showing that addition of the N-stage rules did not interfere 

with the overall outcome.  

Looking at the combined outcomes of the training and validation confusion matrices, it 

can be observed that the N-stage outcome was understaged in 7 cases and overstaged 

in 5. T-stage outcome was understaged in 9 cases and overstaged in 11 cases out of the 

grand total 192 cases. The TN-stage confusion matrices show that in both sets 15 cases 

were wrongly classified, and that in total 14 cases were understaged and 16 overstaged. 

Also, the errors made were equally divided between both sets. When looking at the error 

categories, a total of 20 errors were made in the T-stage classification and 12 in the N-

stage classification (Table 4). In one case in both groups the N-stage and the T-stage 

were both falsely staged. Overall, many different errors occurred, which shows the 

heterogeneity of the reports, and hence the extent of the task to tackle and optimize 

this rule-based approach.  

The difference between the high N-stage accuracy scores and the lower TN-stage 

accuracy scores are slightly compromised by difficulties still experienced by the T-

staging rather than by N-staging difficulties (see Table 4: TN-stage errors by category). 

This can be explained by the fact that the T-staging process is more difficult to 

accurately perform with a rule-based approach and may therefore be less reliable than 

the N-staging. This is not surprising when looking at the number of substages used in 

the T-stage compared to the N-stage, with 8 substages for T-staging (T1a – T4) versus 4 

substages for the N-stage (N0-N3). In addition, the T-staging rules include several 

exceptions and are therefore more extensive than the N-staging rules. This is illustrated 

by the fact that only the location of the pathological lymph node is different in the N-

staging process, whereas for the T-staging, tumor size, presence and involvement differ 

per stage. Furthermore, to accurately T-stage the tumor, the size is of utmost 

importance leading to an accuracy score of 0.80 and 0.81 when only finding the accurate 

tumor size. The additional 0.07 and 0.11 is achieved by setting multiple rules, which is a 

laborious process.  

To increase overall TN-outcome, both T-staging and N-staging processes should be 

improved. However, it is thought that accuracy for the T-staging is limited, even with 

finding more synonyms using this single rule-based approach. At this point, changing 

the rules of the classification process is a tradeoff between improving one rule while 
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decreasing the outcome of the other. Instead, it may be better to improve T-staging 

outcomes with machine learning by, for instance, specific training to find difficult-to-

extract concepts or match the right context. For example, accuracy may then be 

improved in case of better identification of gravity-dependent atelectasis, matching 

uncertainty mentions to the correct concepts or finding specific T4 exceptions.  

Furthermore, in a single radiological report often several (pathological) lymph node 

stations are described. This is beneficial for an NLP algorithm, since, even when a 

pathological lymph node is missed, another pathological lymph node (in the same level 

or leading to the same stage) may be picked up by the algorithm, not changing the final 

outcome. Furthermore, the word “lymphadenopathy” is highly specific for pathological 

lymph nodes, and so are its modifiers (location, ipsilateral, contralateral or bilateral).  

Such ‘back ups’ and specific terms are less present in primary tumor staging.  

Furthermore, the combination of concepts for “pathological contralateral lymph node” 

or “enlarged supraclavicular lymph node” is quite specific for the N3-stage, which in 

turn allows for better extraction. When a pathological lymph node in this specific 

location is found, other lymph node stations are of less importance as the highest N-

stage is reached. This can be the explanation for the high combined accuracy score of 

97.2% in the N2-stage, in which N2 harbors the most lymph node levels. The same may 

be true for the high combined N0-stage accuracy score of 98.5%, in which the accurate 

distinction is to properly match negations and the rules set to not match any of the 

pathological concepts, enlarged sizes or the word “lymphadenopathy” to the lymph 

node levels. Although this ‘back up’ may be beneficial for the final results, the algorithm 

still needs to highlight all pathological lymph nodes correctly to increase the accuracy 

of the radiological report.  

However, the abovementioned is not true when only one pathological lymph node is 

present in a random (non-specific) location. Perhaps this more specific task or option is 

the reason that relatively many errors are present in the N1 and N3-staging group, with 

overall 0.71 and 0.88 accuracy compared to 0.99 and 0.97 for the N0 and N2 stages. In 

addition, for N3 nodes the contralateral side needs to be accurately distinguished. 

Furthermore, several lymph nodes are described in one sentence, which complicates 

correct matching of contextual information (e.g. uncertainty, negation) even more.  
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To increase specific N-stage accuracy scores, dependency relations could be used to 

have a better idea of which contextual property belongs to which lymph nodes, in case 

multiple lymph nodes are present in a single sentence, this may improve the accuracy 

score further. In addition, also ML based NLP implementation might be helpful to find 

specific terms and mentions. This seems less difficult to train than the T-staging because 

the rules are less difficult. This implementation of ML should be targeted at full 

matching between the lymph node and the synonyms for the concept pathological, level 

synonyms and the nodal size as all nodes need these descriptions.  

A different approach to increase accuracy, without artificial intelligence tooling and 

without IT interference, can be through standardization of the report. This 

standardization step, which is specifically not a template or a structured report, 

represents a set of simple rules on how to report. This can be as simple as stating the 

size of the tumor or the pathological lymph node directly after the stated concept, 

perhaps between brackets. A different option is to only give sizes for pathological lymph 

nodes and tumors, or mention only one lymph node level per sentence. Alternatively, 

the primary tumor or specific lymph node with all its highlights is reported in one 

sentence. This way, the set of rules will result in higher accuracy scores. In addition, 

readability of the reports will improve as well, even without difficult and extensive 

interventions during the reporting process. The GUI that has been developed that 

allows real-time analysis and feedback to the reporter may also be beneficial here. As 

mentioned earlier, this overall quality report enhancing step can also be achieved by ML 

only, but requires a vast number of reports to train all variants. Also, more annotated 

data is then needed and, as this is laborious for training purposes, hence not desirable. 

When looking at the total errors in the training and validation sets, the reporter error 

group ‘reporter’ is responsible for 21.9% of the total errors. These errors are caused by 

incomplete or inaccurate information, or speech or typing errors when for instance 

adjusting the report. It is difficult for a rule-based algorithm to find these errors, because 

staging information can be implicated in the text rather than explicit mentioning, and 

typos or speech errors occur in many different ways. Even with manually determining 

classification from the reports it was sometimes difficult to interpret the correct 

classification. Knowledge of the reporting and staging process - for instance order 

specific information, overall contextual information, or by knowing what item to 
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prioritize in wrongly stated concepts or context - made it possible to determine the 

correct stage. These errors cannot be solved with a rule-based approach and it is 

questionable whether ML will do better, as these errors may not occur systematically - 

even in a vast number of reports - hampering the ability of ML to recognize these. 

Again, it is very interesting to see whether reporter induced errors can be diminished 

when the report is staged live and outcomes are displayed using a GUI, as these errors 

are relatively easy to prevent. From the grand total of 192 scans, 7 staging errors could 

have been prevented. It seems that an improvement in reporting skills, combined with 

the implementation of specific ML, would increase accuracy outcomes scores most. 

 

Limitations  

One of the limitations of this study is that there were only 192 cases included. Table 1 

(Cohort composition of the training and validation set) shows that only a subset of the 

32 TN-stages were present in the training and validation set. The relatively few reports 

included in these groups induced heterogeneity. Furthermore, the outcomes of the 

additional N-stage were only based on reports from one institution. Future work 

requires its external validation. In addition, Positron Emission Tomography (PET)-CT 

reports were not included in this study, in which possibly important tracer uptake 

information is missed. This is mainly important to exclude enlarged lymph nodes 

without uptake and include small lymph nodes with tracer uptake. 

To complete fully assisted TNM-staging, M-stage is also needed. This is, however, 

expected to be much more difficult or may be even not feasible at all. For instance, brain 

metastasis can only be seen with high accuracy on a brain MRI. In addition, also (whole 

body) PET-CT is used as a screening tool to search for distant metastasis. However, 

suggested distant metastasis on PET-CT mostly requires additional, specifically targeted 

imaging to confirm metastasis. As such, only metastasis located in the chest can be 

found on a staging chest CT, and only those can be staged. In future research, PET-CT 

reports need to be validated. Merging information from different radiological staging 

reports is needed for accurate full TNM-staging. Perhaps, such an algorithm can be 

useful for and applied to oncology staging forms or multidisciplinary meetings. 
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Conclusion 

NLP shows its potential in classifying pulmonary oncology from free text radiological 

reports according to the TNM classification system as both the T and N-stages can be 

extracted with high accuracy. Integration with machine learning approaches to perform 

specific tasks should improve accuracy scores even more. However, standardization of 

the reporting manner and a visual check by the reporter before finalizing the report may 

be relatively easy implementations in clinical practice to increase accuracy.  
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The overall aim of this thesis is to better understand how to improve reporting in 

radiology. Because the content of the radiological report and its format vary widely, this 

is considered as an important issue to improve. Part One of this thesis focuses on 

structured reporting (SR) in radiology, as it is believed to be a promising tool for 

improving the reporting process. In Part Two, the efforts made on the implementation 

of Natural Language Processing (NLP) in the radiological reporting process as an 

additional tool have been explored. Both SR and NLP can be used in the radiological 

reporting process as possible solutions to improve the radiological report and this thesis 

aims to discover their potential. 

 

In order to address this overall goal, several research aims were set: 

 

PART I: Radiological report and reporting process 

 Explore what structured reporting entails and what its definition is  

 Review the literature on structured reporting to explore its current 

implementation and to determine the level of evidence.  

 

PART II: Text mining and Natural Language Processing 

 Explore how free text mining and Natural Language Processing (NLP) can extract 

the T-stage (TNM classification in primary lung carcinoma) from a free text 

report, in a Dutch setting.  

 Assess how this rule-based NLP T-staging algorithm can be translated and 

trained in an English setting  

 Extend the existing Dutch NLP T-staging algorithm towards a TN-staging 

algorithm  

 External validation of the Dutch NLP TN-staging algorithm  

 Extend the existing Dutch NLP TN-staging algorithm with PET-CT functionality  

 

In the following paragraphs the main findings and future perspectives will be explained 

and discussed. 
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PART I: Radiological report and reporting process 

Since the beginning of reporting in radiology only little has changed in the way of 

reporting [1-4]. The reporting process starts with a clinical question that the radiologist 

answers in the radiological report after the examination has been performed by the 

technician. Several attempts and guidelines to improve the radiological report can be 

mentioned, especially in the last decades [2, 5-17]. One of the last attempts for 

improvement is the ongoing call for standardization and the even more recent move 

towards structured reporting. Especially structured reporting is widely promoted by 

international radiological societies in an attempt to increase the accuracy and 

readability of the radiological report [18-19] (Fig. 1). 

 

 

Figure 1. The basic radiological reporting process.   

 

In Chapter 2 the process of understanding structured reporting in radiology is 

described as its meaning and interpretation are not clear in scientific literature. The 

main issue is the lack of a proper definition and the overlap with the interpretation of 

the meaning of standardized reporting. Therefore, this chapter provides an overview of 

the different interpretations of structured reporting in literature as numerous 

characterizations of the term structured reporting are known. Only when its definition 

is clear, can it be evaluated scientifically, in order to facilitate evidence-based 

implementation. This chapter suggests a more precise definition of SR that facilitates a 

better categorization of the heterogeneous literature.  
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After reading the extensive, but chaotic literature, it was clear that the definition of 

structured reporting has become ambiguous and often confused with standardization. 

As described in this chapter we propose that “standardized reporting is supposed to be 

a means of streamlining the medical content of a radiological report”, whereas 

“structured reporting is supposed to be the use of an IT-based means of importing and 

arranging medical content in the radiological report”. A further subdivision of SR was 

necessary to create more structure in this topic in which SR level 1 (structured layout) 

was distinguished from SR level 2 (structured content). SR level 1 presents the report 

findings in a strict, predefined order, creating and maintaining uniformity (e.g. 

templates or “head to toe” reporting), whereas SR level 2 is the manner in which the 

medical content is arranged and displayed in the report (e.g. drop down menus or point-

and-click systems). With these proposed definitions a clear distinction between 

standardized reporting and different levels of SR is presented and proper research can 

be facilitated.  

 

We realized that standardized reporting and SR might both be important in the 

radiological reporting process and that, based on the difficulties in extracting clear 

definitions, they seem to be highly intertwined. However, each has its own strength and 

field of application. In order to evaluate the value of these individual components it is 

not only necessary to know their definition, but it is also important to know how these 

tools can support the reporting process.  

 

By using the aforementioned (re)defined definitions we were able to classify articles 

found in literature on structured reporting in order to determine the level of evidence 

of these articles. This process has been described in Chapter 3. To search for the level 

of evidence of SR in radiology reporting, a narrative systematic review was performed. 

In addition, an overview was created of the current status of SR in radiology. In total, 

8561 articles were found, resulting in 63 relevant papers (44 SR level 1 and 19 level 2). 

Only one study performed a double cohort study with randomized trial design and 

scored the highest level of evidence. The overview of the current status of SR showed a 

bonanza of different study protocols, research questions and outcomes, and underlines 

the difficulties of understanding the subject and its meaning. As a consequence, it is not 
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clear whether SR is truly beneficial in the radiological reporting process or that it just is 

a means to structure its content.  

When focusing on the study protocols, especially the content of the radiological report 

seems an important goal in enhancing the radiological report by using SR. Multiple 

studies try to enhance the content of the report with standardized phrases, items or 

some sort of classification system. This is an interesting finding, especially when it is 

supposed that standardized reporting should increase report standardization, and not 

SR. In these cases, SR is often used to implement standardized reporting. Perhaps this 

may explain the difficulties in finding clear definitions for both concepts in literature as 

both are highly intertwined – at least in clinical research.  

Another observation is that the solution to improve the radiological report is often 

found in a mandatory manner, stating specific items or by enforcing the reporter to use 

a specific format or classification system. This again is an interesting finding as it seems 

that we need SR to structure and ensure report completeness. Why not use a piece of 

paper or a simple paper or online guideline in order to improve report content? No, 

instead we need (expensive) SR to be more precise. Of course this is somewhat 

overstated, but the main question is why standardized reporting alone is not sufficient. 

This is probably because of the lack of discipline to follow these guidelines results in 

persisting heterogeneity in the way of reporting among different reporters. SR is helpful 

and at the same time this facilitates standardization. 

This statement can be highlighted by focusing on the only high-level evidence study 

included in this review that had the only negative outcome when implementing SR. This 

study compared free text with SR, without a standardization step during the study, and 

thereby only changing the way of reporting. Without standardization (because this was 

done earlier in the clinical setting), the outcome was not beneficial for SR and the 

outcome measurement even worsened.  On the contrary, the lower level studies, that 

incorporated some sort of standardization during the implementation of SR, showed 

beneficial or equal outcomes when comparing free text with SR. This again shows that 

standardization is a very important factor, and perhaps the main factor, to improve the 

radiological report. In Fig. 2 the reporting process is depicted once more, and 

standardization and SR are added. As standardization seems to be at least as important 

or even more important than SR, standardization is placed before SR. 
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Figure 2. The radiological reporting process, structured reporting and standardization added. 

 

In addition, this overview shows a wide variety in SR techniques used and outcomes, 

but almost all studies changed several things (e.g. standardization) at the same time as 

they implemented some sort of SR, which hampers the reliability of the outcomes. In 

addition, it is possible that some sort of SR only favors easy to make yes/no decisions, 

rather than more difficult descriptive ones. Thereby, the effect of a particular question 

or report description can be in favor of one of the two different SR subtypes, whereas it 

does not match other reporting indications. For instance, the description of a thyroid 

nodule on ultrasound – which is a fairly easy task with few options to describe – can 

have a different performance using the same SR method than the description of the 

location of a brain metastasis on MRI – which has a large description diversity and many 

anatomical locations. This shows that the value of SR might be organ system-, modality- 

or even question specific and that there is no “one size fits all”. In addition, none of these 

studies performed a comparative trial to see which type of SR was most efficient in a 

particular case. Overall, we can conclude that the level of evidence for SR is rather low 

despite its promotion by international societies. 

 

Future perspectives  

To further elaborate whether SR is indeed a facilitator for standardization, proper and 

focused research is necessary. Controlled trials with only changing one variable are key. 

In addition, comparison studies should be made modality-specific, body part specific 

and perhaps also question specific, as SR is thought to be highly case-specific. The 
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reason for this high case-specificity is the wide variety in task-complexity as already 

explained. In the same way we can imagine that also yes/no questions are better 

depicted with SR than for instance location specific items, at least when it is necessary 

to point out the exact location of the affected organ. Of course this is not strict, because 

by using yes/no questions the reporter is forced to choose from the given options only. 

This might be the reason that reporting and data systems (RADS) are used in many 

included studies trying to validate SR, as it is standardized already, and can be answered 

with yes/no already. Nevertheless, when SR is being added to the reporting process 

using standardized items or standardized language, this new reporting manner should 

be compared using the same conditions as before the implementation of SR. 

Another perspective is that SR reports provide structured data, and because structured 

data is findable data it is easy to be reused for all kind of research, education and quality 

purposes.  

 

In part II we further elaborate on NLP as a possible substitute for SR. Text mining and 

NLP as artificial intelligence (AI) tools might be used to accurately process large 

quantities of text data. When the radiological report consists of SR or SR elements this 

would highly increase the field of data-mining in radiology, because data is becoming 

findable. This advantage should also be considered when implementing SR in clinical 

practice, because a free text report is less easy to process.  

A different opportunity when using NLP is that it can help real-time with standardizing 

and structuring the report when it is implemented in the reporting process.  

Overall, when focusing on radiology, a combination of NLP and radiomics (text and 

image analysis) might be very promising. This is mainly because the radiological report 

content is still the golden standard.  
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PART II:  Text mining and Natural Language Processing  

As SR can facilitate text mining by using NLP, NLP can also function as counterpart for 

SR as it can mine (unstructured) free text. Of course it is better and easier to use 

structured data for data mining, but NLP can be used to mine free text radiology reports 

as well. This is of particular interest because SR is not yet widely implemented in clinical 

practice and perhaps will not be the solution we are aiming for. Therefore, it is 

important to search for different solutions that can improve the radiological report 

and/or its reuse.  

 

As a structured report made with SR should facilitate better report content and might 

eventually lead to a better radiological report, NLP facilitates text mining and can 

thereby be a possible solution for enhancement of the radiological report as well. NLP 

is used already in radiology by processing free text radiological reports in several 

different settings [20-22]. Implementation of NLP aims at the extraction of specific 

descriptive entries in the free text radiological report that can be used for further 

analysis. Examples are fracture or pneumonia detection where outcomes are used for 

advising additional examination or recommendations for antibiotics [23-25]. NLP is also 

used in oncology, when extracting information out of pathology reports, medical 

records or free text radiology reports for case identification, staging or outcome 

quantification [20]. In this way, specific report information is used in which artificial 

intelligence embodied in NLP can use the information embedded in the radiological 

report.  

 

In Part II we investigated whether AI by means of NLP can be used to extract the Tumor 

and Nodal status according to the Tumor Node Metastasis (TNM) classification [26] out 

of free text radiological chest (PET) CT reports in order to assess the potential of NLP 

in radiology reporting. When it is possible to extract specific data necessary for lung 

tumor staging out of the free text report, we can use it as structured data for data mining 

purposes. In addition, when we are able to perform these data mining tasks during the 

reporting process or just before finishing the report, it is possible to enhance the 

radiological report as well. In this way NLP can function as substitute for SR (Fig. 3)  
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Figure 3. The radiological reporting process including structured reporting, standardization and Natural 

Language Processing. 

 

Lung carcinoma staging was used for this research question, because it is the most 

common cause of oncological death worldwide and because radiological imaging has an 

important contribution in the staging process [27]. 

 

In Chapter 4 the process of applying NLP to this task was described to explore the 

capability of extracting T-stage of lung carcinoma out of Dutch free text CT thorax 

radiological reports. A rule-based CT-T algorithm was built, trained and validated on 

respectively 47 and 100 cases to extract concepts stating something about the items 

tumor size, presence and involvement, necessary for lung carcinoma staging according 

to the TNM classification system. Due to the extensiveness of the rules of the TNM 

classification system, it was not possible to use machine learning, because we lacked a 

large quantity of specific staging data necessary to train this algorithm. On the contrary, 

we found that making a rule-based algorithm was quite easy, because of the strict rules 

of the TNM classification. As a consequence, it was not necessary to use ML for finding 

these rules. By doing so we learned that the process of building this algorithm is very 

specific and that field expertise is of great benefit. However, finding the correct concepts 

and synonyms and to correlate them to the correct context is more difficult. Especially 
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because of the free format and because there were no widely used reporting rules, it was 

difficult to decide and find appropriate rules that were able to accurately stage the 

reports. Even more, recognition of speech errors or omissions as well as the right 

correlation of numbers or negations to a specific concept were difficult tasks. In the end 

overall accuracy of the Dutch pulmonary carcinoma T-staging algorithm was 0.83 in the 

training set and 0.87 in the validation set, showing its potential feasibility and that the 

rule-based approach was quite successful. 

 

Chapter 5 describes the process of translating the rule based Dutch lung carcinoma CT-

T algorithm into English. Because the TNM and the content of the radiological report 

should be – apart from the text of course – roughly the same, this was a good 

opportunity to validate this algorithm in English. The algorithm was trained and 

validated on English free text radiology (PET-)CT reports used for primary lung 

carcinoma staging. 200 reports were used for training and 225 for validation, resulting 

in an accuracy score of 0.89 in the training and 0.84 validation set. Systematized 

Nomenclature of human MEDicine-Computed Tomography (SNOMED-CT) terms were 

used for the translation of the used concepts from Dutch to English. Vocabularies like 

SNOMED-CT are supposed to be useful in structuring text by coding concepts and its 

synonyms as well as their connecting word families and are available in different 

languages. However, in our case using only the same words according to the SNOMED-

CT codes was insufficient to translate all synonyms and, because several Dutch concepts 

did not match the meaning of the English counterparts, it was still necessary to search 

for English synonyms in the radiological report. In this training period a graphical user 

interface (GUI), called MEDSTRUCT-NLP (Fig. 4) was built for to visualize the results 

of the algorithm by highlighting the extracted concepts and its modifying context. By 

doing so we were able to see what the algorithm was doing and what was (falsely) 

matched. During this testing process the GUI was found to be so efficient as a 

structuring tool that we decided that such a tool could be useful in the radiological 

reporting process as well. Because the GUI highlights the stated free text in a structured 

format, this can function as a visual check whether all necessary items are stated in the 

report. Especially when this check can be done real-time or just before finishing the 

radiological report, this will enhance the radiological report. In addition, when 
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information is added by processing the structured entries it can add additional value to 

the radiological report, as in this case with the addition of the TN-classification.  

 

 
Figure 4. Graphical user interface MEDSTRUCT-NLP [28].  

 

To add more functionality to the Dutch free text lung carcinoma T-staging algorithm, 

an N-stage classifier was added to the prior T-stage classifier, resulting in a TN-CT 

algorithm. The process of implementation, training and validation was described in 

Chapter 6. A set of respectively 95 and 97 CT scans was used for training and validation 

and the N-stage accuracy scores were 0.96 and 0.92. The TN-stage accuracy scores were 

0.84 and 0.85 for this training and validation set. As this was foreseen as a difficult task 

the outcomes were outperforming our expectancies. The algorithm was programmed to 

match the location/laterality of the tumor – which was already known from the T-part 

of the algorithm – with the pathologic lymph node levels. Then the location of the 

lymph node with the highest N-score is depicted as final N-score. The high performance 

scores might be explained by the fact that the description of the affected lymph node 
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levels were most often repeated in the findings section and only little variation in 

description of the lymph nodes is found in the report. The same was true for the 

laterality annotation of the primary tumor. 

In the clinical staging process of lung carcinoma also a Positron Emission Tomography 

– Computed Tomography (PET-CT) scan is used which adds metabolic information 

about the uptake of fluorodeoxyglucose (FDG) by a tumor or lymph node in addition to 

the anatomical information provided by the CT scan. Chapter 7 describes the final 

study on how Dutch PET-CT reports in lung carcinoma tumor staging can be staged 

with this NLP-based tool. To enable this, the Dutch CT-TN algorithm was extended with 

a metabolic layer to result in a PET-CT-TN algorithm. In total 63 (24 CT, 39 PET-CT) 

and 100 (41 CT, 59 PET-CT) radiological reports were included for training and 

validation. TN accuracy scores were respectively 0.73 and 0.62 for the training and 

validation set. In addition, and because this study was performed in a different Dutch 

hospital, a subgroup analysis could be performed to externally validate the CT-TN 

algorithm. This TN accuracy score was 0.72. Both outcomes show a lower performance 

score and are somewhat disappointing. Especially the lower external validation score 

was not expected. However, when looking more into detail to the outcomes it seems 

that location specific vocabulary or stating of certainty levels differ more between 

different hospitals than expected. It was also remarkable that the PET-CT-TN 

performance was worse in comparison with the CT-TN performance, because we 

expected that adding metabolic information would increase accuracy instead of 

decreasing it. 

   

When combining the outcomes of chapter 4-7 it is seen that a rule-based approach of 

extracting the Tumor and Nodal status from free text radiological reports show mixed 

results. The goal of this explorative mission was to look for the boundaries of the 

application of NLP. This rule-based approach was chosen because of the high difficulty 

of the task and because not many reports were present to allow for the use of machine 

learning (ML). ML usually needs a lot of data and, depending on the task difficulty, even 

more data to extract the staging rules as well as to be capable of finding the right items 

necessary for staging. The rule-based approach was therefore chosen.  
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We showed that this rule-based NLP approach is good enough to start with and 

understanding the way the algorithm should function is pivotal to train the separate 

steps of the application. A notable finding was that this rule-based algorithm was 

trained fairly easily, considering the effort that would have to be made when only using 

ML. In addition, by using a rule-based approach the algorithm can be easily adjusted 

when necessary. As a result, this rule-based algorithm is dependent on the combination 

of task specific knowledge and NLP, rather than AI alone. Simple adjustments by using 

ML do not exist, because the algorithm should be trained all over again. 

It was interesting to see that outcomes were roughly the same in the English setting, 

but remarkable that using SNOMED-CT alone for translation of used concepts was not 

sufficient. This shows that the SNOMED-CT translation terms do not fully match 

vocabulary meaning and use between languages. However, a small training set allowed 

us to train the algorithm to be capable of reaching shown accuracy scores. This shows a 

way to use this approach in different languages (and perhaps for different tasks) as well. 

However, the PET-CT-TN algorithm accuracy scores and the external validation of the 

CT-TN algorithm are underperforming compared to the CT-TN algorithm and the 

primary training center. This is probably caused by differences in reporting between 

different institutions in content and vocabulary as well as differences in focus 

considering the metabolic versus anatomical focus, when comparing PET-CT and CT 

examinations. In addition, several different errors do occur due to differences between 

used vocabulary, the description of its certainty, their dependencies as well as finding 

the correct report section to extract correct information. 

 

Future perspectives 

The most important issue is to construct a PET-CT-TN algorithm that is institution 

independent or at least can adapt itself to different institutions. More reports from 

different institutions are necessary to achieve this. In addition, the use of ML may 

increase the accuracy of finding the right items, their certainty and dependencies. 

Especially the focused use of ML is considered to be an important addition to the 

existing algorithm, as the rule-based approach is already working decently. An ML 

application focused on recognizing synonyms and comparatives as well as finding the 

right sections might enhance, in specific cases, the accuracy of NLP. However, only 
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larger topic-specific datasets allow for more ML/AI driven solutions and specific 

oncological datasets are scarce. This hampers a wider implementation of ML in this 

field. In addition, also non topic-specific tasks can be trained on regular datasets, for 

instance looking for non-tumor dependent atelectasis in non-oncological staging chest 

CT reports – as tumor dependent atelectasis is a difficult-to-extract entity. Then it will 

be possible to strengthen difficult parts of a rule-based algorithm with ML. Another 

example is to correctly match sizes (or diameters) with their corresponding concept. 

This does not need to be a tumor, but can also be a node, a cyst, a pleural effusion or 

something else, as long as the ML focuses on the interaction between the size and the 

concept with its context. Again, particular tasks can be trained without specific datasets 

and this approach seems to be promising for training tasks on smaller datasets. We 

think such a modular approach is necessary for all future NLP algorithms, whereby 

(pre)processing tasks can be more sensitive, leading to better annotation and 

understanding of the concepts and their context.  

   

Furthermore, a GUI, such as we developed, seems to be a great opportunity to increase 

the reporting content as it can, like SR, provide a tool in which reporting content can 

be checked real time while a radiologist is dictating which will result in better reporting 

content. Of course, this again is an IT/AI based tool and perhaps simply using a 

guideline will enhance the radiological report as well, but this tool leads to less or even 

no interfering into or adding to the reporting process which is not the case for SR. The 

report can still be a free text report and structuring and classification processes can be 

done during reporting without mandatory clicking or interrupting the used way of 

reporting. This shows that NLP can be a counterpart for SR and future research should 

focus on the interaction between these two entities. 

 

Concluding remarks 

The efforts made on the improvement of the radiological report over last decades did 

not yet result in a sustainable solution for the problems encountered. Three different 

solutions are being discussed in this thesis that can increase accurate report content 

and that may lead to a more accurate content and readable structure: 
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1. Standardized reporting 

2. Structured reporting 

3. Natural Language Processing 

 

First, standardization seems the most likely first step to take, as it seems to be the easiest 

solution to increase report content without great changes to the reporting process. 

Many standardization tools have already been developed and can be implemented with 

or without IT-implementation. When the content of the radiological report is 

standardized, the second step is looking for evidence for different types of SR. This is 

probably a difficult task, as it seems that its use might be highly case-specific. Therefore, 

the hypothesis is that implementation is case-specific and that the type of SR tool and 

its level should be adjusted accordingly. Finally, NLP can also assist the reporter to be 

more complete by adding or unlocking information about for instance the TNM 

classification, as shown in this thesis.  

These three steps are separate entities with different aims and outcomes. However, it is 

shown that standardization and SR are highly intertwined and that standardization 

might be an influencing factor in the use of NLP tooling as well. Therefore, enhancing 

the radiological report and reporting process will be multifactorial as shown in Fig. 5.  

 

Figure 5. Schematic visualization of efforts made in radiological reporting process to improve the 

radiological report and as discussed in this thesis. 
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It is also interesting when zooming out from NLP use in radiology reporting towards 

NLP usage in the Electronic Health Record (EHR). Especially, in times of increasing 

numbers of burnout and stress among physician and other healthcare employees it is 

necessary to look for the impact of health information technology [29-31]. Medical 

healthcare is facing an ever-growing pile of paperwork as well as an increase in 

administrative burdens. Structured reporting and above all NLP can potentially be 

helpful in attacking this datafication monster. 

In the EHR, large amounts of unstructured data are stored and, when available for 

(re)use, it can have a great impact on modern healthcare. Transferring information from 

of the EHR to the radiological report and vice versa can increase workflow for the 

referring clinician and reporter and/or can enhance logistics when a follow-up or 

additional study needs to be performed. A more specific risk stratification can be made 

when clinical information can be used in for instance cancer staging, or data linking can 

result in better survival prediction. In this way, linking data can enhance the progress 

made in digital healthcare. Nowadays, extraction and registration of data is mainly done 

manually, but when technical solutions, like for instance NLP, take over some tasks as 

by using a GUI or staging algorithm, this can be a significant relief.  

A different approach to enhance radiology and medicine, is when we add image mining 

(e.g. radiomics) to the solutions made on the improvement of the radiology report as 

shown in this thesis. After all, AI is already being used on a large scale in image mining 

in radiology, but information extracted from the image should be matched and 

compared with the textual information and implemented in the final radiology report. 

As such, the radiological report still is seen as the golden standard. Examples of the use 

of AI and/or radiomics can be a particular size or fracture type that is inserted into the 

report, or perhaps a suggestion for a particular tumor class based on the images. To go 

further, it would be a real progress and goal of future research to add information about 

follow-up into the report or directly plan an additional examination or follow-up 

appointment. To go even further, it should be possible to combine the information of 

the radiological report, the radiological examination to the information stored in the 

EHR to allow for even wider use of available data in order to facilitate the progress in 

the healthcare process. For instance, integration and combination of radiology data 
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elements with other key clinical parameters (e.g. laboratory results), leading to an 

integrated and precise diagnosis, and beyond, to computer-assisted clinical decisions.   

Finally, in the current quest for improving the radiological report, an approach has to 

be found that assists the reporter, but preferably without interfering too much with the 

reporting process and personal reporter preferences. This will always be a tradeoff, 

compromising one thing or the other. One of the most interesting things for future 

improvement is the use of an (interactive) GUI to assist reporting. As we presented in 

this thesis, a GUI can enhance the reporting process by showing the report content and 

can assist in it being more complete. As such, a GUI can assist in streamlining the 

medical content and its structure, whether the reporting process is enhanced with 

standardization, SR, NLP or a combination (Fig. 6). The solution that is most interesting 

is a system that checks (real-time) and structures the report content, without interfering 

in the reporting process. This can be as simple as (re)placing information in the right 

section or as complicated as adding information from a different external system like 

for instance the EHR or from the image directly. A pop-up system or content-dependent 

suggestions made by algorithms used by the GUI can therefore enhance the radiological 

report on several levels. 

 

 
Figure 6. The GUI as facilitator for the implementation of efforts made in the radiological reporting 

process. 
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This thesis titled “The Radiological Report: A compromise between Structured Reporting 

and Natural Language Processing”, describes in two parts the search for how to improve 

the radiological report and the radiological reporting process. 

 

PART ONE: Structured reporting in radiology 

In the first part, the application of structured reporting (SR) is discussed. Although 

efforts are encouraged by international radiological organizations, it has not been 

sufficiently investigated whether SR actually improves the radiological report. This is 

mainly because in these studies standardization is combined with SR. In many studies, 

standardization is enforced by structured reporting; for example by requiring the 

reporter to fill in fields or to choose from a specific (drop-down) menu. However, it 

seems that particularly this standardization improves (the content of) the reports and 

that the influence of SR itself is still questionable. In particular, the lack of research into 

the different forms of SR means that there is still a lot of work to be done before drawing 

conclusions. What does seem to work is the mandatory nature of implementation of 

standardization. However, should this be done with SR? 

 

PART TWO: Natural Language Processing 

This second part examines how NLP can be used as a counterpart to SR in the search 

for improvement of the radiological report. NLP is a form of Artificial Intelligence (AI) 

that can search texts and “understand” to a certain level how words are related to each 

other, what a certain meaning of a word is and how sentences are constructed. 

 

In this thesis, NLP is used to collect structured data that are included in the radiological 

report. An oncological classification can then be determined by analyzing this data. This 

facilitates the check if all necessary information is present in the report, also making it 

is possible to determine part of the TumorNodeMetastasis (TNM) stage. This 

application of NLP has been used to initially analyze reports of pulmonary CT scans at 

the T (tumor) stage only. Subsequently, this algorithm was translated into English so 

that it is also possible to analyze reports in English. Subsequently, the Dutch algorithm 
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was also expanded to determine the N (lymph node) stage in both CT reports and PET-

CT reports. 

 

The beauty of this research is that it shows that AI can be applied to search radiological 

records and thus offers the opportunity to improve them. Of course, there are still 

hurdles to be taken before this can be used flawlessly in practice, but the relatively easy 

training of currently small amounts of data in combination with the use of rules 

certainly seems promising. The use of a graphical user interface (GUI) also helps 

implementation in daily practice. This facilitates analysis of texts, also presenting this 

analysis and its outcome to the radiologist in a readable and reusable way. 

 

For the future, finding more generic building blocks with NLP through Machine 

Learning is the next goal. Training textual passages on uncertainties, dimensions, 

correlations and recognizing important sections are common things that are important 

for many applications. The valorization of algorithms as described above in external 

institutions is also important, as there are certainly differences in reporting, vocabulary 

used, but possibly also in personal choices. The GUI in particular, as well as this 

valorization, will have to ensure that this NLP tooling can be embedded in clinical 

practice. 

 
 
 
 
 
 
 
 
 

  





ADDENDUM
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Nederlandstalige samenvatting 
 

Dit proefschrift getiteld “The Radiological Report: A compromise between Structured 

Reporting and Natural Language Processing”, beschrijft in twee delen de zoektocht 

naar hoe het radiologisch verslag en het proces van radiologische verslaglegging 

verbeterd kan worden.  

 

DEEL 1: Gestructureerde verslaglegging in de radiologie 

In het eerste deel wordt de toepassing van gestructureerde verslaglegging besproken. 

Hoewel inzet gestimuleerd wordt door internationale radiologische organisaties is 

onvoldoende onderzocht of gestructureerde verslaglegging wel zorgt voor verbetering 

van het radiologische verslag. Dit komt met name doordat standaardisatie 

samengenomen met gestructureerde verslaglegging. In vele onderzoeken wordt 

standaardisatie afgedwongen door middel van gestructureerde verslaglegging door de 

verslaglegger verplicht invulvelden te laten invullen of te laten kiezen uit een specifiek 

(drop-down) menu. Echter, het lijkt dat met name deze standaardisatie zorgt voor 

verbetering van (de inhoud) van de verslagen en dat de invloed van gestructureerde 

verslaglegging nog twijfelachtig is. Met name ook het gebrek aan onderzoek naar de 

verschillende vormen van gestructureerde verslaglegging zorgt ervoor dat er nog veel 

werk te doen is om hier conclusies uit te trekken. Wat wel lijkt te werken is het 

dwingende karakter van doorvoeren van standaardisatie. Echter, moet dit met 

gestructureerde verslaglegging? 

 

DEEL 2: Natural Language Processing  

In dit tweede deel wordt onderzocht hoe NLP als tegenhanger van gestructureerde 

verslaglegging ingezet kan worden in de zoektocht naar verbetering van het 

radiologische verslag. NLP is een vorm van artificial intelligence (AI) waarmee teksten 

doorzocht kunnen worden, waarbij NLP tot op een bepaald niveau kan “begrijpen” hoe 
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woorden met elkaar samenhangen, wat een bepaalde betekenis van een woord is en hoe 

zinnen opgebouwd zijn.  

In dit proefschrift is NLP gebruikt om gestructureerd data te verzamelen welke in het 

radiologische verslag staan. Vervolgens kan door deze data te analyseren een 

oncologische classificatie bepaald worden. Hierdoor is het mogelijk om te checken of 

alle nodige informatie aanwezig is in het verslag, en in aanvulling hierop is het mogelijk 

om een deel van het TumorNodeMetastasis (TNM) stadium te achterhalen. Deze 

toepassing van NLP is gebruikt om in eerste instantie verslagen van CT long scans te 

analyseren op enkel het T (tumor) stadium. Vervolgens is dit algoritme vertaald in het 

Engels zodat het ook mogelijk is om Engelstalige verslagen te analyseren. Daarna is het 

Nederlandstalige algoritme ook uitgebreid om zo ook het N (lymfeklier) stadium te 

bepalen in zowel CT verslagen, maar ook PET-CT verslagen.  

Het mooie van dit onderzoek is dat het laat zien dat AI toegepast kan worden om 

radiologische verslagen te doorzoeken en zo de mogelijkheid biedt om deze te 

verbeteren. Natuurlijk zijn er nog hordes te nemen voordat dit feilloos in de praktijk 

ingezet kan worden, maar met name het relatief makkelijk trainen van op dit moment 

kleine hoeveelheden data in combinatie met het gebruiken van regels lijkt zeker 

veelbelovend. Ook de inzet van een graphical user interface (GUI) helpt in het beter 

kunnen implementeren in de dagelijkse praktijk. Hierdoor is het namelijk mogelijk om 

teksten te analyseren en deze analyse met uitkomst te laten zien in een leesbare en 

herbruikbare lay-out voor de radioloog.   

Waar we in de toekomst zeker naar willen kijken of we meer generieke bouwstenen 

kunnen vinden met NLP door middel van Machine Learning. Het trainen van tekstuele 

passages over onzekerheden, afmetingen, correlaties en het herkennen van belangrijke 

secties zijn algemene dingen die voor vele toepassingen van belang zijn. Ook het 

valoriseren van algoritmes als hierboven omschreven in externe instellingen is van 

belang, aangezien er zeker verschillen bestaan in verslaglegging, gebruikte vocabulaire, 

maar mogelijk ook van persoonlijke keuzes. Met name de GUI alsook deze valorisatie 

zullen ervoor moeten zorgen dat deze NLP-tooling beter ingebed kunnen worden in de 

klinische praktijk. 
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Impact 
 

Research 

The radiological report is the main and most important output of the radiologist as it 

states the outcome of the performed examination in concordance to the condition of 

the patient and the suggested diagnosis. However, due to differences in reporting and 

report content, the value of the radiological report is not always the same. In addition, 

the reporting process is still the same as in the earliest days, despite suggested reporting 

improvements like structured reporting (SR) and standardization. Especially these two 

possible improvements are widely promoted by large radiological societies to increase 

the value of the radiological report.  

As the radiological report is very important, it is necessary to know how the reporting 

process can be enhanced and why for instance SR is still not implemented in the full 

field of radiology. This might be caused by difficulties in implementation or full 

suitability in the whole field and perhaps a negative sentiment among the reporters.  

In addition, we need to search for different solutions to improve radiological reporting 

as the quality of the radiological report is still not improved and SR might not the way 

to go. Natural Language Processing (NLP), by using Artificial Intelligence (AI), can also 

extract and analyze free text and might be a substitute for SR in order to improve report 

quality. 

 

Relevance 

This thesis highlights the ongoing search towards improving radiology reporting 

focusing on structured reporting and the use of NLP. In the first part of this thesis, it is 

shown that due to difficulties in definitions of SR and its interpretations, a bonanza of 

scientific papers appeared. Proper setting the definitions for structured reporting and 

standardized reporting (Chapter 2), will increase its understanding and will allow for 

more evidence-based research. This is especially important as the current research 

performed with structured reporting has a low evidence level (Chapter 3). The output 
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of most studies is beneficial for structured reporting, but this is mostly due to better 

implementation of standardized reporting and not due to the fact that structured 

reporting is implemented. These outcomes are important for future implementations 

and question the promotion of structured reporting by radiological societies, as high-

level evidence-based research is still lacking. 

 

NLP has been used in healthcare to structure free text data. As it can also structure free 

text radiological reports it can be a substitute for structured reporting in radiology. This 

thesis provides the evidence that in a pilot setting it is possible to extract the Tumor 

and Nodal (TN-stage) necessary for oncological staging of pulmonary carcinoma out of 

free text radiological (PET) CT reports according to the TumorNodeMetastasis (TNM) 

classification system (Chapters 4-6).  In addition, and because NLP structures free text 

data, it is possible to use the separate data components in for instance the radiological 

report. When combining both applications of NLP it is possible to use the free text data 

in a structured format as well as add value to the report by adding the described 

oncological stage. Hereby, a graphical user interface (GUI) is suggested to be a vehicle 

to improve NLP-processes, as it can highlight NLP results in the reporting process 

(Chapter 5).  

 

This research does also show that for implementing AI in radiological reporting not 

always a large amount of data is necessary, but that smaller data sets can suffice, 

especially when using a rule-based approach. A different advantage of this rule-based 

approach is that the workflow is known and can be adjusted easily. This is also true for 

changing the language of the algorithm as is shown in chapter 5. Because it is rule-based 

only the language needs to be adjusted instead of training the algorithm and its rules 

again in a different language. Especially this will make the rule-based approach 

interesting for future research. 

 

Target population 

First of all, this thesis is a message to the structured reporting community that the 

evidence for structured reporting is questionable and that they should look closer to the 
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reporting process in order to assess its different components. It is advisable to review 

the efforts done in concordance with the new definitions for structured reporting and 

standardization, as standardization of the report content alone seems sufficient. For 

future research it is important to implement studies to investigate in which cases the 

structured reporting format is beneficial and in which it is not. 

Secondly this thesis is interesting for the radiology reporter as it is important to get 

more insights in the reporting process as well as getting more insights in the problem 

of inconsistent reporting. After all, there is still much to gain in enhancing the value of 

the radiological report, and perhaps the possible solutions are much easier than letting 

AI and PACS vendors do their magic.  Nevertheless, PACS-vendors and NLP experts 

should cooperate in searching evidence, solutions and applications for free text mining. 

After all, it will be a real improvement in radiology reporting when structuring data and 

adding specific information is integrated in the PACS system. Especially we postulate 

that a GUI will increase the acceptability and understanding NLP dependent tools 

among radiology reporters.  

Finally, if we look beyond radiology and where NLP tools can be implemented in daily 

clinical routine, it might assist with all kinds of administrative tasks that current 

healthcare is facing. NLP solutions than can be a problem solver to overcome 

administrative burdens and thereby allowing healthcare employees to use more time 

for patient care.  

 

Future 

The overall aim should be to combine the image information of the radiological 

examination into the radiological report and use this combined information to improve 

the final radiological report. The GUI should be the central point of interaction and text 

as well as image algorithms should assist to increase the value of the radiological report. 

This is something we are aiming for, probably since the discovery of the X-ray by 

Wilhelm Conrad Röntgen. 
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visited to collaborate with the Artificial Intelligence in Medicine (AIM) team of prof. dr. 

Aerts at Harvard-Massachusetts General Hospital. Since 2020 he is working as an 

attending radiologist at the Maastricht UMC+, focusing on head and neck, 

neuroradiology and forensic radiology. Besides his clinical work, he is also involved in 

hospital-wide initiatives on AI and standardizing and structuring the (research) 

infrastructure at the Maastricht UMC+ in his function as Medical Information Officer 

of the department of Radiology and Nuclear Medicine. Since 2023, he is also managing 

the division of Forensic Radiology at the Maastricht UMC+. 
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Dankwoord 
 
Bij dezen wil ik graag iedereen hartelijk danken die mij hebben geholpen bij het tot 

stand komen van dit proefschrift. Ik denk niet dat ik volledig zal zijn in mijn bedankjes, 

maar mocht ik iemand vergeten zijn dan is dat zeker geen onwil. 

 

Prof. dr. S.G.F. Robben, geachte promotor, Simon, hartelijk dank voor de begeleiding in 

de afgelopen jaren. Waar je in 2015 begon als mijn promotor ben je nu naast mijn 

promotor, ook mijn mentor, kamergenoot, maar vooral iemand waarmee ik goed kan 

sparren over allerlei serieuze, maar vooral ook niet serieuze zaken. Het is altijd fijn om 

een luisterend oor te hebben om zaken te bespreken en deze kritisch tegen het licht te 

kunnen houden, om vervolgens weer lekker te bagatelliseren of uit z’n verband te 

trekken met een goede dosis sarcasme en/of cynisme. Op dit niveau functioneer ik goed. 

Ik hoop dat we nog even zo door kunnen gaan! 

 

Prof. dr. A.L.A.J. Dekker, geachte promotor, beste André, ook jou wil ik hartelijk danken 

voor de begeleiding de afgelopen jaren. Naast het feit dat je mijn promotor bent, zien 

we elkaar ook geregeld in andere setting binnen de muren van het Maastricht UMC+. 

Hierbij ontstaan vaak mooie ideeën, welke vaker niet dan wel (direct) uitgevoerd 

worden. Echter, aan innovatie en het toepasbaar maken van AI in de gezondheidszorg 

valt nog wel wat te verbeteren, waardoor we elkaar ook na mijn promotie geregeld tegen 

zullen komen. Met name gedurende de eerste COVID-golf in 2020 hebben we nauw 

samengewerkt om een AI algoritme naar Maastricht te krijgen. Dit was een erg leuke en 

inspirerende periode (relatief dan natuurlijk), waarin ik je heb leren kennen als een fijn 

en laagdrempelig te benaderen persoon. Proost op je muffins en chihuahua’s! 

 

Sander, meneer Puts, mede-auteur in alle NLP-artikelen en natuurlijk mijn technische 

steunpilaar. Wij vormen sinds het begin van onze samenwerking een mooi blok van 

enerzijds klinische ideeën en anderzijds jouw technische kennis om van een idee een 

werkende toepassing te maken. Ik kan mij de periode in Boston goed herinneren, 

waarbij ik vroeg in de morgen opstond en jij tot diep in de nacht opbleef om samen aan 
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ons Engelse algoritme te werken. Een tijd waarin we goed de flow te pakken hadden. 

Ook nu is het nog altijd fijn samenwerken en we gaan zeker samen nog even door, dank! 

 

Prof. dr. J.E. Wildberger en drs. F. Bakers, als afdelingshoofd en toenmalig 

plaatsvervangend afdelingshoofd wil ik ook jullie danken. Joachim, jij hebt het 

uiteindelijk mogelijk gemaakt dat ik als AIOS heb kunnen starten aan dit 

promotietraject. Daarna heb ik een gecombineerd Neuro/Hoofd-hals & AI fellowship 

kunnen doorlopen binnen de afdeling Beeldvorming en we meer gefocust hebben op de 

implementatie van AI in de klinische praktijk. Frans, hier kwam jij ook in beeld gezien 

jouw uitgebreide ICT-werkzaamheden waarbij ik “ons” visiedocument AI mede zie als 

startpunt voor de verschillende processen welke binnen de afdeling Beeldvorming, maar 

ook ziekenhuis-breed in gang gezet zijn. Ik wil jullie beiden danken en hoop voor de 

toekomst, met de veranderende takenpakketten van eenieder, dat we nog mooie 

stappen kunnen maken! 

 

Prof. dr. H.J.W.L. Aerts, dr. R. Zeleznik and J. Weiss. During my stay in Boston at 

Harvard you facilitated me throughout the NLP research. It is nice to have been working 

together also having shared some less serious time. Hugo, thanks for giving me the 

opportunity to come over. I hope we can do more research when we look at clinical 

implementation of different AI tools. Roman, nice to see that you are post-doc now. 

Nevertheless, I hope you have new shoes by now. Jakob, great you are working in the 

field of interventional radiology, and good luck with finishing your PhD! 

 

Koos van Geel, ook jou wil ik kort danken (en ik weet dat jij dit op waarde kunt 

schatten), dank! Ellen Kok, hoewel wij enkel in het begin hebben samengewerkt, denk 

ik daar met plezier op terug. Met name je grondige feedback is iets wat ik me goed kan 

herinneren!  

 

Ook mijn opleiders in het Maastricht UMC+, dr. A.A. Jacobi-Postma en prof. dr. M.W. 

de Haan wil ik danken. Allereerst omdat ik naar Maastricht kon komen, maar daar ben 

ik ook dank voor verschuldigd richting het RadboudUMC, en dat ik vervolgens ook 
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parttime heb kunnen beginnen aan mijn onderzoek wat geleid heeft tot dit boekje. Dank 

voor de opleiding, check! 

 

Collega’s neuroradiologie en/of forensische radiologie. Ook jullie dank voor het begrip 

als ik weer eens een afspraak of andere verplichting had waar ik heen moest. Ook jullie 

hebben aan de totstandkoming van dit boekje meegewerkt – dank hiervoor. 

  

Ook wil ik graag de dames van het secretariaat Beeldvorming bedanken. Nicole, Jolanda, 

Christianne en Elfie, dank voor jullie steun de afgelopen jaren en een praatje op z’n tijd. 

Ik denk dat ik jullie ook de komende tijd nog niet kan missen… 

 

Bas, Juul, Robbert en Wouter, vrienden vanuit onze studietijd in Utrecht. Hoewel we 

ondertussen niet meer zo bij elkaar om de hoek wonen, weten we elkaar toch met enige 

regelmaat alsnog te vinden. Hoewel we dit niet van tevoren voorzien hadden, lijkt 

radiologie toch een verbindende factor te zijn binnen onze groep! Altijd leuk om jullie 

weer te zien of te spreken. Pizza eten blijft toch wel echt onze specialiteit. 

 

Wijnand, oud-huisgenoot, buur! Jaren hebben we aan de Leeuwerikstraat in Utrecht 

gewoond en samen gekookt, geklust, geschaatst en vele andere dingen gedaan. Ik 

waardeer je optimisme en je altijd goede humeur. Ook al wonen we wat verder van 

elkaar, zo voelt het niet. 

 

Pa en ma, natuurlijk wil ik jullie ook heel, heel erg bedanken. Hoe jullie mij altijd 

gestimuleerd hebben en geholpen in mijn keuzes, dat is fenomenaal! Het maakt niet uit 

waarmee, maar jullie staan altijd voor mij (intussen ons) klaar met objectief advies of 

simpelweg voor een dagje oppas. Hopelijk kunnen jullie lekker gaan genieten van jullie 

pensioen en kunnen jullie nog maar vaak langskomen in het Zuiden! 

 

Marieke, hoewel wij toch heel iets anders doen is het ook leuk om te zien dat jij zo goed 

bezig bent. Mooi om te zien dat je in je managementfunctie zoveel kunt betekenen voor 

je schoolkinderen. Ook altijd leuk om te zien dat onze kinderen het zo goed met elkaar 

kunnen vinden, we hebben al heel wat leuke dagen gehad met z’n allen aan het strand!  
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Floris en Louise, hoewel jullie zeker niet op elkaar lijken, lukt het jullie aardig om mij 

scherp te houden en op allerlei vlakken uit te dagen. Het is altijd fijn om jullie om me 

heen te hebben en jullie te zien genieten van de kleine dingen, zoals samen een 

pannenkoekje bakken of met de Lego bezig zijn. Sinds kort hebben we de nieuwe 

activiteit om samen ons rondje Bemelerberg te lopen. Top om te zien dat jullie ook zo 

van de natuur houden en, hoewel jullie het waarschijnlijk niet (te hard) zullen merken 

of willen weten, ben ik best wel trots op jullie kleine mensjes! 

 

Anna-Jasmijn, Apples, lieve vrouw. Sinds wij elkaar kennen hebben we al zoveel dingen 

meegemaakt tijdens onze studententijd, reizen samen en tijdens onze tijd in opleiding. 

Hoe mooi deze ervaringen ook waren en zijn, toen we Floris en later Louise kregen, 

heeft dit weer een supermooie wending gegeven aan ons leven. Zeker ook jij hebt mij 

geholpen bij het promoveren, het redigeren en het doorlezen van met name alle versies 

van mijn stukken. Duizendmaal dank hiervoor! Een hoogtepunt van mijn 

promotietraject was toch wel ons bezoek aan Boston en hoe fijn was dat om met het 

gehele gezin te ondernemen. Ik hoop dat we met z’n allen nog vele mooie herinneringen 

mogen maken in Bemelen en all over the world! 
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