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introduction

Background
Diagnostic errors can have significant consequences for patients and are an important source 
of patient harm1, 2. A substantial number of diagnostic errors is due to misinterpretation of 
medical images3 and high error rates are repeatedly reported in radiology4-6. The use of ra-
diological images in clinical decision making is increasing7, 8 and medical imaging techniques 
have changed tremendously in recent years9. Radiologists traditionally interpreted CT and 
MRI scans viewing two-dimensional hard-copy images on a light box. Nowadays, they in-
terpret volumetric images displayed on a computer monitor, and they can navigate through 
the images, change viewing direction, and adjust contrast settings. These advancements have 
also altered the visual diagnostic process. The amount of visual information processing has 
tremendously increased, and the possibilities to approach or manipulate the images have 
expanded9. How these advancements affect the visual diagnostic reasoning process and how 
we should align our training and assessment methods remains unknown and is the subject 
of this thesis. 

In this dissertation, we investigate which knowledge and skills are important for the devel-
opment of image interpretation expertise in the era of advanced medical imaging techniques, 
and evaluate training and assessment methods to stimulate image interpretation expertise 
development. 

concepts and definitions
Radiology is a medical specialty characterized by obtaining image representations of the 
human body with various imaging techniques. The medical images are used to diagnose 
and treat illnesses. The part of the profession that primarily deals with treating illnesses, 
or diagnosing illnesses with invasive procedures, is called interventional radiology. The 
part primarily dealing with noninvasive diagnostic imaging is called diagnostic radiology. 
The studies in this thesis concern diagnostic radiology, and focus on the development of 
diagnostic radiological skills. In diagnostic radiology, image interpretation is a central skill: 
radiologists are trained to diagnose or exclude diseases based on images. We primarily use the 
term image interpretation skill to refer to the skill of diagnosing or excluding diseases based 
on images.

Medical image interpretation refers to diagnostic reasoning mainly based on visual input 
from medical images. Diagnostic reasoning based on visual information is not limited to 
radiology and occurs in many medical professions, using various types of visual information. 
A variety of expertise research has been conducted in other visual medical domains such as 
dermatology10 and pathology11, 12. Even a physical examination has visual components and 
can be considered diagnostic reasoning based on visual information. An example in the 
literature is the skill of seizure characterization in pediatric neurology13. Visual diagnostic rea-
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soning refers to diagnostic reasoning based on the processing of mainly visual information. 
Resources of visual information may vary and may be image or non-image based. Advances 
in knowledge about radiological image interpretation development can be valuable for other 
medical professions as well. To connect to these other domains, we sometimes refer to the 
image interpretation process as visual diagnostic process instead of using the more narrow 
definition of image interpretation. 

The thesis concerns 2D and volumetric image interpretation. In radiology education, 2D 
images may be X-ray images or single cross-sections. X-ray images are projections of ana-
tomical structures in one direction. A cross-section is a virtual cut through of a human body 
part which is a computational representation of x-ray projections in multiple directions. A 
volumetric image is a set of two-dimensional cross-sections of a human body part. Observers 
scroll through thin cross-sections (one or some millimeters thick slices) to visualize the image 
data. Scrolling through the dataset provides extensive and detailed tissue information. A 
mental representation of the organs, body fluids and other structures and how they relate 
to each other can be formed by connecting these separate cross-sections to each other in 
a virtual three-dimensional space. The technique is called volumetric, because the set of 
cross-sections cover the complete volume of the body part, and observers can scroll through 
the volume, frequently in many viewing directions. For the interpretation of the results of 
our studies, it is important to realize that volumetric images and 3D images are not the same. 
When volumetric images are reconstructed into three-dimensional renderings, a true 3D 
representation of the image can be obtained. This type of image can be rotated to view the 
surface from different perspectives. These reconstruction methods can be useful, for example 
for the 3D representation of the bony structures of the skull in patients with a skull fracture 
to assist surgeons in planning their operation strategy. The counter side of this technique is 
that much information gets lost, because only the surface of the body part is visible. In the 
example of a 3D reconstruction of the skull, the structures in the skull such as brain tissue 
and blood vessels are not visible in a 3D reconstruction. 

Expertise in image interpretation
From visual expertise research in radiology we know that in some types of imaging expert 
radiologists are able to diagnose diseases in a split second14, 15. This short time span does 
not allow for eye movements or a deliberate reasoning process. It is a nonanalytic process 
based on a global impression of the image and immediate pattern recognition, based on 
memorization of previous examples. Novices do not have an adequate repository of disease 
examples in their minds and cannot rely on pattern recognition. They typically take more 
time to interpret images16-25 and deliberately search the image to find and analyze abnor-
malities16, 26, 27. Kundel and Nodine have extensively studied the visual search behavior of 
radiologists and distinguish three phases in the Visual Search and Detection Model: (1) 
global impression, (2) focal search and attention, and (3) diagnostic decision making28. The 
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first phase entails the first glance on the image, providing an overall, global orientation. In 
this fast initial impression, radiologists are thought to compare the image with a cognitive 
scheme of anatomy and pathology. Potential deviations are flagged for the focal analysis in 
the second phase. In the second phase, radiologists start moving their eyes over the image 
to examine potential targets and perturbations that have been flagged in the first phase, and 
to search for other abnormalities not yet detected in the first phase. Finally, in the decision 
making phase potential targets are inspected in detail to inform decisions about the presence 
or absence of a lesion. This model is the basis of more recent visual search theories, that 
distinguish global and focal components of visual search15, 27, 29. 

The current theories of visual expertise are primarily based on studies that concern 2D 
image interpretation, while volumetric images are commonplace in radiology practice. Volu-
metric images contain much more visual information than 2D images. Scrolling through the 
images is necessary to visualize potential relevant information. Abnormalities can be missed 
not only because of a faulty visual search, but also due to the combined actions of scroll 
behavior and eye movements. Some early studies that investigated expertise in volumetric 
image interpretation discerned different types of scroll behavior 30, 31. Drew et al. distinguish 
‘drillers’ and ‘scanners’: drillers tend to focus on one area of the image and scroll up and 
down, before moving on to the next area, whereas scanners scan the complete image before 
scrolling to the next cross-section30. Venjakob et al. described differences in scroll behavior 
based on the length of the scroll movements: long movements were qualified as ‘runs’ and 
short movements as ‘oscillations’31. 

In this thesis, we study expertise development in both 2D and volumetric image inter-
pretation. First, the literature on expertise is extensively reviewed to identify knowledge and 
skills that are required to develop expertise in both 2D and volumetric image interpretation. 
Next, differences between 2D and volumetric image interpretation expertise are explored. 
Then, the effect of scroll behavior on perceptual performance is investigated. 

Visual Diagnostic Errors
A substantial part of diagnostic errors is due to mistakes in diagnostic reasoning1, 32. Visual 
diagnostic errors can be caused by many factors, observer-related or related to other factors 
such as technical or image-related issues33. A well-known observer-related factor is the effect 
of cognitive biases34. Cognitive biases that frequently occur in radiology are availability bias, 
confirmation bias and satisfaction of search35-39. However, the evidence that cognitive biases 
cause errors in clinical practice is sparse40 and interrater agreements for classifying biases are 
poor41. An established classification for radiological errors is the error type classification of 
Kundel et al.42, that distinguishes scanning, recognition and decision-making errors based 
on the amount of time observers look at abnormalities. A drawback of this classification is 
that it only categorizes the perceptual part of visual expertise (decision making whether there 
is an abnormality or not) without evaluating the diagnostic reasoning process, including the 



Chapter 1

12

observer`s thoughts on what is the diagnosis. Therefore other reliable error type classifica-
tions that have the potential to direct learning activities should be investigated. In this thesis 
we explore an error classification approach that covers the visual diagnostic reasoning process 
and is based on an assessment method that is easy to implement in an educational program.

Expertise in clinical reasoning 
Although there are differences between image interpretation and diagnostic reasoning with-
out images, there are also similarities. A substantial part of image interpretation concerns 
clinical reasoning. The view on expertise in clinical reasoning has changed over the last 
decades. Initially, diagnostic reasoning was thought to be a general problem-solving skill, 
characterized by a process of hypothesis testing: the ability to quickly generate high-quality 
diagnostic hypotheses, and collect data to confirm or rule out these possibilities43-45. This 
hypothetico-deductive model assumed that diagnostic reasoning was a domain-independent 
skill, and mastery of this skill would enable solving clinical problems one had never encoun-
tered before. However, the clinical problem-solving process was found to vary little across 
different levels of expertise46. Besides, individual clinical problem-solving performance was 
found to vary considerably across tasks43, 47 and diagnostic accuracy in one patient scenario 
could not predict performance in another one. This phenomenon is known as content-
specificity43 and indicates that clinical problem solving cannot be considered a general skill 
separated from knowledge. Solving a clinical case requires domain-specific knowledge. 

This raises the question of what types of knowledge are required for diagnostic reasoning 
and how this knowledge should be organized. Experiments in several clinical areas have 
shown that experts, in contrast to novices, use little to no knowledge of basic sciences in 
their routine clinical reasoning48-50. Experts tend to primarily rely on clinical knowledge and 
experience. However, there is some evidence that, in very difficult cases, experts use more 
basic science knowledge than novices51. Another type of knowledge is knowledge concerning 
manifestations of diseases, which can be organized in ‘illness scripts’52-54. These are knowl-
edge representations that contain patient-oriented clinical knowledge53, for example a list of 
symptoms that are likely to occur in a certain disease. Pattern recognition based on illness 
scripts has been related to higher diagnostic accuracy rates than the hypothetico-deductive 
approach55. 

Still, expertise in diagnostic performance cannot be explained only by differences in the 
amount, use or organization of formal knowledge. Expert clinicians are even found to use 
less formal knowledge48-50 and analyze less clinical patient features than less proficient physi-
cians56. There are several indications that familiarity plays an important role in diagnostic 
decision-making57-59. This relates to psychological theories of categorization60; a cognitive 
process of everyday life used to identify objects. For example, we can identify different types 
of chairs without analyzing their features because we have seen many previous examples. 
Experts have encountered many different representations of diseases through experience. 
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This enables them to intuitively solve new patient cases, by matching the case with mental 
representations of the disease61. This non-analytical way of thinking may also explain why 
experts reach the correct diagnosis much faster than novices10, 61, 62. In case the diagnostic 
problem stays unsolved, an inverse relationship can be found and experts take more time 
than novices10. This suggests that experts shift to a slower, more analytical way of thinking 
in difficult or ambiguous cases. 

Theories of Expertise
The difference between analytical and non-analytical approaches are also described in the 
Dual Process Theory. This theory offers a model for information processing and discerns 
two ways of ‘thinking’: System 1 and System 263, 64. System 1 is an intuitive, non-analytical 
process, while System 2 is a conscious, analytical process. System 1 is mainly based on fast 
pattern recognition and is an efficient way of information processing. It could be vulnerable 
to mistakes, especially in complex or atypical situations65. However, it is unclear which of the 
two systems is superior in general or in specific situations66-68 Besides, the existence of a truly 
clear distinction between these two systems is debatable and some authors suggest that the 
systems may run in parallel67, 69 or may represent the extremes of a cognitive continuum70. 

Experts and novices clearly differ in their approach to clinical problems. The question 
remains how people become experts. The Expertise Theory of Anders Ericsson71 deals with 
the development of expert performance. This theory advocates that expert performance is 
not primarily dependent on personal characteristics, but rather the result of knowledge and 
skill acquisition based on extensive experience and practice. To reach high levels of expertise, 
the learner should be engaged and reflect upon his or her performance, and the activity 
should be accompanied by coaching or feedback of an expert to refine performance72. This 
cognitively effortful practice is called ‘deliberate practice’.

Developing visual diagnostic expertise requires extensive experience and practice20, 73,74. 
There is still a considerable variation in performance of trained radiologists75-77. According to 
the Expertise Theory, deliberate practice dedicated to radiology will improve image interpre-
tation performance. The question remains what exactly should be trained. The knowledge 
and skills that are required to become an expert in radiology are still largely unknown. There 
are some training methods that have proven to stimulate learning in radiology, i.e. learning 
by comparing normal and abnormal cases78 and learning from Eye Movement Modeling Ex-
amples79. Training learners to adhere to a specific search strategy (systematic search) has not 
proven to be effective so far23. However, these before mentioned methods were all applied to 
2D image interpretation tasks and results cannot be directly generalized to volumetric image 
interpretation. Learners may benefit more from an efficient search strategy when processing 
the much larger amount of visual information of volumetric images. In our studies, we 
search for methods and tools to support learners and teachers in their deliberate practice to 
develop expertise in 2D and volumetric image interpretation.
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Methods to investigate Visual diagnostic Expertise
Both perceptual and cognitive processes interactively contribute to the complex skill of visual 
diagnostic reasoning. To investigate the nature of visual expertise, the perceptual component 
is mainly investigated by eye tracking. The location, time span and order of eye movements 
reflect the observer’s attention80. Inferences can be drawn from differences in attention, for 
example between different expertise levels. Although eye tracking technology has emerged 
in the past decades and is an established research method in 2D images, eye tracking in 
volumetric images remains challenging81. Cognitive processes in visual expertise are primar-
ily investigated with verbal protocol studies. Verbal protocols can be obtained during or after 
the activity, concurrent or retrospective protocols82 respectively. Concurrent protocols are 
thought to give a more complete representation of the thoughts of participants83, but may 
interfere with the task at hand, especially in particular task, such as reading a text82. In digital 
image interpretation, logfiles of mouse movements or keyboard activities can be analyzed. In 
visual diagnostic expertise, logfile analysis can be used to track and analyze how learners use 
images84 or investigate scroll patterns (chapter 5, this thesis).

AiM 

The studies in this thesis aim: 1) to investigate which knowledge and skills are important for 
the development of expertise in radiological 2D and volumetric image interpretation and 
2) to contribute to the development and evaluation of training and assessment methods to 
stimulate expertise development in radiological 2D and volumetric image interpretation. 
Chapter 2 and 3 provide insight into the domain-specific knowledge and skills that are 
required for 2D and volumetric image interpretation. In chapter 4 the visual component of 
image interpretation is examined more closely with a synthesis of the existing eye tracking 
literature. Chapter 5 investigates whether learners can be taught to use expert search patterns 
in volumetric image interpretation and how this affects performance. Chapter 6 evaluates an 
assessment method developed to reveal and classify errors in the reasoning process of image 
interpretation. Chapter 7 evaluates an assessment method that was developed to improve the 
authenticity of image interpretation testing.
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rEsEArch quEstions

The research questions are twofold.
Research Question 1. Which knowledge and skills contribute to expertise development in 
radiological image interpretation?

Sub-questions are:
1.1 Which domain-specific knowledge and skills are needed for radiological image inter-

pretation? (Chapter 2)
1.2 How do these skills differ between 2D and volumetric image interpretation? (Chapter 3)
1.3 How does visual search relate to diagnostic performance? (Chapter 4)

Research Question 2. How can we improve training and assessment to stimulate radiological 
image interpretation expertise development?

Sub-questions are:
2.1 What is the effect of teaching search strategies on perceptual performance? (Chapter 5)
2.2 How can we identify different types of errors that occur in the visual diagnostic process? 

(Chapter 6)
2.3 How can digital simulation-based assessment increase the authenticity of volumetric 

image interpretation skill testing? (Chapter 7)

thEsis outlinE

Chapter 2 is a mixed-method study for developing a conceptual framework of knowledge 
and skills required for image interpretation. The study consists of three phases: a literature 
study, expert interviews and a think-aloud experiment. In an iterative developmental pro-
cess, each phase was used to create or adjust preliminary versions of the framework, and 
ultimately resulted in a final version of the framework. 

Chapter 3 describes a think-aloud experiment that compares knowledge and skills used 
for interpretation of volumetric versus 2D images. We hypothesized that interpretation of 
volumetric images demands different knowledge and skills than the interpretation of 2D im-
ages. Participants were asked to think out loud while reading volumetric and 2D CT images. 
The framework from chapter 2 was used to categorize knowledge and skills. A within-subject 
analysis was performed to compare cognitive processes during volumetric versus 2D image 
interpretation.

Chapter 4 is a review study of eye tracking literature in the radiology domain that aims to 
identify visual search patterns associated with high perceptual performance. Six electronic 
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literature databases were searched using ‘visual perception’ OR ‘eye tracking’ AND ‘radiol-
ogy’ and synonyms. A thematic analysis was conducted to extract and arrange study results, 
and a textual narrative synthesis was applied for data integration and interpretation. 

Chapter 5 is an experimental study investigating the effect of teaching search strategies on 
perceptual performance for lung nodule detection at CT. Two search strategies, ‘scanning’ 
and ‘drilling’, were tested with a randomized cross-over design. Nineteen junior radiology 
residents were randomized into two groups. Both groups first completed a baseline lung 
nodule detection test allowing a free search strategy, followed by a test after scanning instruc-
tion and drilling instruction or vice versa. True and false positive scores and scroll behavior 
were registered. A mixed design ANOVA was applied to compare the three search conditions.

Chapter 6 addresses the use of a radiology test with stepwise reasoning questions to dis-
tinguish error types in the visual diagnostic process. Radiology test results of 109 medical 
students were evaluated and error types, latent errors or partial knowledge were identified 
based on the stepwise reasoning approach. 

Chapter 7 describes the implementation and development process of a digital simulation-
based test method to increase the authenticity of image interpretation skill assessment. A 
digital application, allowing volumetric image viewing and manipulation, was used for three 
test administrations of the national Dutch Radiology Progress Test (DRPT) for residents. 
We longitudinally describe the implementation and development process of the three digital 
tests, focusing on methods, challenges and lessons learned. To assess the authenticity of the 
digital tests, perceived image quality and correspondence to clinical practice was evaluated 
and compared with previous paper-based tests.
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ABstrAct

objective The knowledge and skills that are required for radiological image interpretation 
are not well documented, even though medical imaging is gaining importance. This study 
aims to develop a comprehensive framework of knowledge and skills, required for two-
dimensional and volumetric image interpretation in radiology.

Methods A mixed-method study approach was applied. First, a literature search was per-
formed to identify knowledge and skills that are important for image interpretation. Three 
databases, PubMed, PsycINFO and Embase, were searched for studies using synonyms of 
image interpretation skills or visual expertise combined with synonyms of radiology. Empirical 
or review studies concerning knowledge and skills for medical image interpretation were 
included and relevant knowledge and skill items were extracted. Second, a preliminary 
framework was built and discussed with nine selective experts in individual semi-structured 
interviews. The expert team consisted of four radiologists, one radiology resident, two educa-
tion scientists, one cognitive psychologist and one neuropsychologist. The framework was 
optimized based on the expert’s comments. Finally, the framework was applied to empiri-
cal data, derived from verbal protocols of ten observers interpreting two-dimensional and 
volumetric radiological images. In consensus meetings adjustments were made to resolve 
discrepancies of the framework with the verbal protocol data. 

results We designed a framework with three main components of image interpretation: 
perception, analysis and synthesis. The literature study provided four knowledge and twelve 
skill items. As a result of the expert interviews, one skill item was added and formulations of 
existing items were adjusted. The think-aloud experiment showed that all knowledge items 
and three of the skill items were applied within all three main components of the image 
interpretation process. The remaining framework items were apparent only within one of 
the main components. After combining two knowledge items, we finally identified three 
knowledge items and thirteen skills, essential for image interpretation by trainees.

conclusion The framework can serve as a guideline for education and assessment of two- 
and three-dimensional image interpretation. Further validation of the framework in larger 
study groups with different levels of expertise is needed.
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introduction

Clinical reasoning with the use of images differs from clinical reasoning without1. In addi-
tion to the cognitive component of the diagnostic reasoning process, there is a substantial 
perceptual component1-3. The knowledge and skills required for medical image interpreta-
tion are not well documented, even though medical imaging is gaining importance in many 
medical domains. 

Expert image interpretation is, in contrast to interpretation by novices, characterized by a 
holistic approach and efficient search strategies. Experienced observers fixate and recognize 
abnormalities faster4, 5 and terminate their search earlier6. Their fast holistic approach results 
in higher accuracy than the relatively slow search-to-find approach of less proficient observ-
ers. 

Most studies in image interpretation focus on expert search strategies. However, research 
in clinical reasoning suggests that the teaching of a strategy without focusing on the related 
content knowledge base, is unlikely to be effective7. To improve education and assessment 
in image interpretation, knowledge and skills needed to interpret images must be identified.

The literature on radiological expertise builds upon two dominant investigational ap-
proaches: a perceptual study approach, using eye tracking methods2, 4, 8-12 and a cognitive 
approach13, usually employing a verbal protocol technique14-18. Eye tracking studies demon-
strate that differences in image interpretation expertise rely on perceptual skills, such as visual 
search patterns. Think-aloud studies report cognitive skills in image interpretation, such as 
characterizing radiological findings and using anatomical knowledge. Since perceptual and 
cognitive skills contribute to image interpretation18, both deserve attention in radiology 
education. The two broad notions include several more subtle sub-skills that have not been 
systematically described. This study aims to create a framework that specifies the knowledge 
and skills that are required for an adequate understanding and interpretation of radiological 
images.

Radiological image interpretation is a complex process. Many authors identify perceptual 
and cognitive components in radiological image interpretation1, 18, but the terminologies 
to classify these skills vary considerably1. Morita et al. distinguish perceptual and concep-
tual processing, based on Neisser’s perceptual cycle theory (1976) and identify perceptual 
processing, resembling extracting features from environments with visual search and object-
recognition, and conceptual processing referring to decision-making and hypothesis-testing 
based on extracted features18. Kundel and Nodine however classify these processes based 
on error types: scanning or sampling error, pattern recognition error, and decision making 
error2, 19 as do Rogers et al., distinguishing detection error, labelling error and integration 
error17.

For educational purposes we have chosen to emphasize learning and skills, instead of 
possible error types. We distinguish three components of image interpretation: ‘perception’, 
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‘analysis’ and ‘synthesis‘. Perception is defined as the ‘identification of radiological findings’, 
which aligns with the definition of the Oxford dictionary: ‘the awareness of something 
through the senses’; analysis is defined as ‘the examination of the features of radiological 
findings’ and synthesis comprises ‘the combination of radiological and clinical findings into 
a conclusion about the differential diagnosis and patient management’. These three compo-
nents integrate cognitive and perceptual processes. The three components are not necessarily 
successive, as they may alternate during the image interpretation process18.

In the past decades radiological image interpretation has changed substantially20, 21. Cross-
sectional imaging techniques such as multidetector computed tomography (MDCT) and 
magnetic resonance (MR) imaging currently require radiologists to interpret large sets of 
consecutive images. While traditionally they had to interpret two-dimensional CT and MR 
cross-sections of the body, they now must navigate through three-dimensional datasets in 
various section planes. These three-dimensional datasets are also called volumetric images. 
Until now, research in the acquisition of radiologic expertise has focused on conventional 
techniques, particularly chest X-rays or mammography. Despite this tremendous development 
in radiology imaging techniques and image reading possibilities, no studies have appeared on 
the required skills for full navigation and interpretation of volumetric images. Among the 
studies investigating cross-sectional image interpretation strategies prior to 201312, 18, 22-25, in 
three studies participants were allowed to freely navigate through the images18, 22, 25 but not 
in multiple planes. Such studies do not reveal knowledge and skills needed to apply these 
strategies. Both two-dimensional and volumetric image interpretation should be reflected 
in the training and assessment of radiology trainees, because it is expected that volumetric 
image interpretation requires additional skills, compared to 2D image interpretation26.

The aim of our study is to develop a comprehensive framework of skills and knowledge, 
required for two-dimensional and volumetric image interpretation ability in radiology. 
Translated to a research question: Which knowledge and skills are required for radiological 
image interpretation of trainees? Such a framework should be conducive to build focused 
skills training and to research enhancing our understanding of the development of radiology 
skills.

study design
The creation of a framework of knowledge and skills in image interpretation was an iterative 
process, based on a mixed-method study approach. First, a literature survey on knowledge 
and skills for image interpretation was conducted. Second, a preliminary framework was 
built and discussed with selective experts in semi-structured interviews to optimize the 
framework. Finally, the framework was applied to empirical data, derived from verbal 
protocols of observers interpreting radiological 2D and volumetric images. Figure 1 shows a 
graphical presentation of the study design. 
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Ethical approval
This study was approved by the Ethical Review Board of the Netherlands Association for 
Medical Education. All participants gave written informed consent to participate in the 
study. 

phase i. literature study

MEthods

literature search
A systematic literature search was conducted using PubMed, PsycINFO and Embase. Search 
terms included synonyms of image interpretation skills or visual expertise combined with 
synonyms of radiology. The search syntax is presented in Appendix 1. The references of 
relevant articles from the search were checked. References of relevant chapters in books 
on visual expertise and medical image interpretation were searched for additional sources. 
Studies published between 1969 and January 2012 were screened. Inclusion criteria were: 
(a) empirical or review studies, (b) English language articles and (c) studies concerning 
knowledge and skills for medical image interpretation by radiologists, residents, medical 
students or non-radiology physicians. Exclusion criteria were (a) studies concerning qualities 
not considered knowledge or skills and (b) studies concerning non-medical domains. 

procedure
The first author screened title and abstract of the resulting articles for relevance, based on 
in- and exclusion criteria. Relevant articles were included and read by the first author. Re-
ported knowledge and skills were included when suggestive of importance to medical image 
interpretation, and excluded when either they were not considered helpful for it or when 
there were conflicting opinions. Decisions about extraction of the items were discussed with 
at least three other members of the research team until consensus was reached. The resulting 
knowledge and skill items were used to construct a first, basic version of the framework. 
As terminology varies widely, the framework terminology was determined in a consensus 

Phase I
Literature
study

Phase II
Expert

interviews

Phase III
Think aloud
experiment

BASIC
VERSION

Perception
Analysis
Synthesis

4 x knowledge
12 x skills

ADAPTED
VERSION

Perception
Analysis
Synthesis

4 x knowledge
13 x skills

FINAL
FRAMEWORK

Requisites
Perception
Analysis
Synthesis

3 x knowledge
13 x skills

figure 1. Flow chart of the study design: the framework was constructed in three phases.
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meeting of the research team. In a second consensus meeting, items were categorized into 
the three predetermined components of image interpretation, i.e. perception, analysis or 
synthesis.

rEsults

After applying the in- and exclusion criteria, the literature search yielded eighteen studies 
with evidence for certain knowledge or skills in medical image interpretation. 

Within the framework of the three predetermined components (perception, analysis and 
synthesis) the studies yielded sixteen literature-based subcomponents (twelve skill items and 
four knowledge items). Perceptual subcomponents found were detecting radiological find-
ings2, 12, knowledge of radiological anatomy15, knowledge of radiological imaging techniques15, 
spatial abilities27, 28, image manipulation28, using search strategies9, 29, 30, and pattern recogni-
tion31. Analysis subcomponents were knowledge of radiologic pathology32, 33, using clinical 
information15, 34, comparing with previous images35-37, evaluating radiological findings17 and 
distinguish relevant from irrelevant findings16. The subcomponents of synthesis were consider 
differential diagnoses15, decision making2, epidemiological knowledge38 and clinical-radiological 
reasoning15, 16. 

The first, basic version of the framework consisted of the abovementioned categorized 
knowledge and skill items and served as input for the expert interviews.

phase ii. Expert interviews

MEthods

participants
We invited nine experts with established radiological, educational, psychological or com-
bined expertise. The expert group consisted of four radiologists, one radiology resident, 
two education scientists, one cognitive psychologist and one neuropsychologist. The experts 
were chosen based on their experience and expertise in their domain and their affection 
with radiology education. All radiologists had extensive experience with educating image 
interpretation to residents and medical students. One of the radiologists was also a program 
director. The non-radiologist experts were involved in research in radiology education. These 
selection criteria were chosen to enable discussion of the image interpretation task from 
several important viewpoints. 
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data collection
The nine experts were interviewed individually by two members of the research team in 
semi-structured interviews of 60-90 minutes. All interviews were audio recorded. The experts 
were asked to comment on: (i) the knowledge and skill items included in the first version 
of the framework, i.e., on the formulation of the items and definitions, (ii) the relevance of 
the items, (iii) the location of the items in the framework, (iv) overlap between items and (v) 
coverage of the framework.

data Analysis 
Interviews were independently categorized by the interviewers. Four categories were dis-
tinguished on item level: ‘irrelevant item’, ‘incorrect formulation’, ‘incorrect location’ and 
remaining comments. On framework level, the categories ‘overlapping items’, ‘missing items’ 
and ‘remaining comments’ were scored. It was predetermined that two (or more) similar 
comments of at least one radiologist and one non-radiologist should lead to an adjustment 
in the framework. If two or more similar comments were made by just radiologists or just 
non-radiologists, only small adjustments were made in the formulation of an item, while 
preserving the content and meaning of the item. Final decisions about the adjustments 
of the framework were made in consensus meetings of the research team. To check if the 
interviews were interpreted correctly, the experts were asked to review and comment on the 
adjusted framework (member check). 

rEsults

The interviewers identified and categorised 146 expert comments, 87 comments at item 
level and 59 at framework level, with a high inter-observer reliability (Cohen’s κ =.83). 
Radiologists made fewer comments than other experts (66 versus 80). The categories ‘incor-
rect formulation’ and ‘remaining comments’ were scored most. 

All experts recognized the three components of image interpretation of the framework 
and found the model to be important, representative and useful for education in medical 
image interpretation. The expert comments led to nine adjustments in the basic framework. 
The formulation of eight items was modified. The item ‘information retrieval’ was added, 
because two experts introduced it as a crucial part of image interpretation. It refers to the 
ability to find relevant information to help interpret the image correctly. Relevant informa-
tion could be background information about a disease, visual information39, evidence-based 
information or additional clinical information. Major modifications are illustrated in Table 
1, using examples of the experts’ comments. None of the experts reported any misinterpreta-
tions when asked during the member check.
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Adjustments led to a second version of the framework, with four knowledge items and 
thirteen skill items. This adapted framework served as a coding scheme to analyze think-
aloud protocols in the think-aloud study.

phase iii. Think-Aloud study

MEthods

participants
We investigated image interpretation in advanced medical students, because radiologists 
were expected to verbalize less knowledge and skills they use, as experts tend to have difficulty 
in verbalizing how they solve problems in contrast to intermediates40, 41. We consecutively 
invited 23 medical students rotating at the radiology department at the University Medical 
Center Utrecht (UMCU). They were all fourth, fifth or sixth-year medical students. We call 
those advanced medical students ‘clerks’. At the UMCU, radiology education is intensively 

table 1. Examples of expert comments, leading to major framework adjustments 

framework 
component

item basic version Examples of experts’ comments item adapted 
version

perception Detecting radiological 
findings

“To have datasets of normality in your mind is a 
prerequisite for recognizing abnormalities” (cognitive 
psychologist)
“Detection of radiological findings is actually the end 
goal of perception instead of a perceptual component” 
(neuropsychologist)

Discriminating 
normal from 
abnormal findings

Analysis Evaluate findings “This formulation is unclear and to broad. I prefer the 
term characterizing findings” (radiologist)

Characterizing 
findings

synthesis - “Radiologists need to know where to find relevant and 
accurate information to guide the image interpretation 
process” (education scientist)

Information 
retrieval 

Clinical-radiological 
reasoning 

“…as a matter of fact, the presented process is clinical 
radiological reasoning” (cognitive psychologist)

Integrating 
radiological 
findings

Consider differential 
diagnoses

“decision making refers to generating a differential 
diagnosis” (radiologist)

Generating 
a differential 
diagnosis 

Decision making “this term is very broad. It should specify what kind of 
decision making it refers to” (education scientist) 
“decision making refers to generating a differential 
diagnosis, but it is also involved in giving advice for follow 
up examinations or in deciding for action, for example 
giving a call to the requesting physician immediately” 
(radiologist)

Deciding about 
advice or action
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integrated into medical school. Medical students start with volumetric CT image interpreta-
tion in the first year. In the first two years they study CT anatomy in volumetric images of 
the brain, chest and abdomen and basic pathologic 2D images. This is examined at the end 
of the second year. In the third and fourth year, as a preparation for each clerkship, radiologic 
image interpretation of pathology related to the upcoming clerkship is being taught. In 
addition to the regular radiology education in medical school, the invited clerks success-
fully completed an intensive six or twelve-week clinical radiology clerkship less than one 
week preceding the think-aloud session. They can be considered “intermediates” in image 
interpretation. The learning objectives of the clerkship included acute or sub acute pathology 
in neuroradiology, musculoskeletal radiology, abdominal radiology and chest radiology. Ten 
clerks (response rate 43%) participated in the study. All participants gave written informed 
consent.

procedure 
All participants (n=10) were asked to think aloud while reading digital radiologic cases. The 
first five participants read 23 cases (nine volumetric CT images, nine 2D CT images and 
five X-ray studies). This turned out to be quite intensive for the participants. As saturation 
within-subject was repeatedly reached during the first half of the protocol analysis, we de-
cided to reduce the reading set to 11 cases (four volumetric CT images, four 2D CT images 
and three X-ray studies). Both case sets represented the four clerkship domains, equally 
distributed to the image modalities (volumetric CT, 2D CT and X-ray). The cases were in 
alignment with the learning objectives of the clerkship and consisted of common diseases 
in neuroradiology (i.e. cerebral bleeding), musculoskeletal radiology (i.e. wrist fracture), 
abdominal radiology (i.e. ruptured aortic aneurysm) and chest radiology (i.e. pulmonary 
embolism). In the case of volumetric CT images, participants could navigate through the 
images and change imaging plane or image contrast. Prior to the session the participants 
received a standardized instruction and a short training in thinking out loud42. Verbalisa-
tions were recorded and the computer display was videotaped simultaneously. 

instrumentation
Protocol analysis was performed43, using the framework as a coding scheme. This means that 
elements of the framework were identified in the vocabulary of the verbal protocols.

data Analysis
Two investigators independently scored the verbal protocols of the first five participants 
using the coding scheme. Because additional information as books and the internet were 
not available during the experiment, the item ‘information retrieval skills’ was scored only 
if participants verbalized the intention to search for additional information. After scoring 
verbalisations of each participant, the inter-observer reliability was calculated. Discrepancies 
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were discussed and resolved. The remaining five participants were scored by one investigator. 
The videotape was used to clarify the verbal protocols. In case an item of the coding scheme 
did not apply to the verbal data, adjustments were made during consensus meetings of the 
research team. Remaining utterances were collected and examined to find out if additional 
knowledge and skills had to be included in the coding scheme. 

rEsults

The coding scheme covered 86% of the verbal data. The remaining utterances mainly con-
sisted of reading aloud, of metacognitive statements or of remarks on the functionality of 
the imaging software and did not contain any adjacent knowledge or skills related to image 
interpretation. All knowledge and skills in the framework could be identified in the verbal 
protocols, except for spatial ability. Mean inter-observer reliability was calculated in half of 
the participants (Cohen’s κ = .76). Examples of each item are summarized in Table 2. 

Adjustments mostly concerned the position of knowledge and skills in the framework. 
Seven items seemed to be present in more than one component of the image interpretation 
process and were detached from the three components of the framework. For example, clini-
cal information use was identified as a subcomponent of perception, analysis and synthesis. 

“Let’s see. It was a left sided hemi paresis, so I expect something on the right.” (percep-
tual, participant 2, cerebral infarction)

“I think this might be a subdural bleeding, because of the sickle-shaped lesion, 
hyperdense. Together with the clinical information this means it is a subdural bleeding” 
(synthesis, participant 1, subdural hematoma)

Because ‘knowledge of pathology’ and ‘epidemiological knowledge’ were not attached to a 
component of the image interpretation process in the framework anymore, it was decided 
to combine ‘knowledge of epidemiology’ and ‘knowledge of pathology’ into ‘knowledge of 
pathology/epidemiology’.

Besides these major adjustments in the framework, there were multiple minor adjust-
ments in the definitions of the framework items. For instance, the definition of ‘generate a 
differential diagnosis’ was broadened, in order to include the classification of the diagnosis.

“How do you call it, a dissection I believe. And where does it start, before or after 
the vessels. No, after. So, it is a type B. Yes, type B.” (participant 4, aortic dissection)
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table 2. All resultant knowledge and skill items of this study, with examples of verbalisations by clerks during 
interpretation of radiological images. 

framework 
component

item Example

requisites* Knowledge of anatomy “I see hypodense structures, they are localised in the liver” (analysis, participant 
2, liver laceration)

Knowledge of pathology 
/ epidemiology

“What is this area here? (points to lung lesion, which is a lung infarction)… 
Let`s see he has prostate carcinoma. It is possible, because of a carcinoma, to get 
pulmonary embolism as a result of clotting problems. But he could also have a 
lung tumour. I think it is a lung tumour.” (synthesis, participant 2, pulmonary 
embolism with lung infarction” 

Knowledge of 
radiological imaging 
techniques

 “This white thing here, is really attached to the falx, how was it again, is blood 
white? Only when a contrast agent is used, I believe. I don`t think contrast has been 
used. Then, blood shouldn`t be white. (analysis, participant 4, cerebral infarction) 

Spatial abilities** -

Image manipulation 
skills (navigating 
through, changing views 
or contrast) 

 “Here I see a somewhat hypodense area, is that in the liver or beneath 
the liver? Let`s look in another view. (changes to coronal view). Or is it just 
the gallbladder? No, it is something. It looks like it is situated in the liver” 
(analysis, participant 2, liver laceration)

Acquaintance of clinical 
information and context 

“Hmm let`s see. It was a left sided hemi paresis, so I expect something on the 
right.” (perception, participant 2, cerebral infarction)

perception Using efficient search 
strategies

“Oh the spleen does not look normal as well as the liver. Well, systematic assessment. 
First the liver is not homogeneous”(perception, participant 4, spleen laceration)

Discriminating normal 
from abnormal findings

“Compression of the main bronchus and the lungs do not look 
normal.”(perception, participant 3, pulmonary embolism with lung infarction)

Pattern recognition “Where I directly notice a huge spleen laceration grade 4” (perception, 
participant 1, spleen laceration)

Analysis Comparing with 
previous images

“Hmm I find the pulmonary markings to be very pronounced. It is too bad that 
I don’t have an earlier one to compare with.” (analysis, participant 4, malposition 
gastric feeding tube)

Characterizing findings “I find this difficult. Let’s see, I see a well circumscribed…no at least it does not 
leak” (analysis, participant 2, aneurysm of the abdominal aorta)

Discriminating relevant 
from irrelevant findings

“There is a kidney cyst but this is not a potentially life-threatening disease.” 
(analysis, participant 4, aneurysm of the abdominal aorta)

synthesis  Information retrieval “When was the ileocecal resection? Was it recent or not?” (synthesis, 
participant 2, abdominal abscess)

Integrating radiological 
findings 

“I see a…what was it called again that shape not sickle-shaped but a lenticular 
white abnormality right. This fits well with an epidural bleeding. I see soft tissue 
swelling right that also all fits in.” (synthesis, participant 4, epidural hematoma) 

Generating a 
(differential) diagnosis

“Is that a hemothorax or is it just a pneumothorax with serous fluid?...no pleural 
fluid. It could also be a little bit of blood. No it is a pneumothorax….air is 
present.” (synthesis, participant 2, pneumothorax)

Deciding about advice 
or action

“Free air in the abdomen, with wide…which depicts an ileus. I would like a 
CT.”(synthesis, participant 1, free air in the abdomen)
“I will call it a spleen rupture, so that is urgent. Call the trauma 
doctor.”(synthesis, participant 5, spleen laceration)

*The requisite category contains knowledge and skill items that could be found during perception, analysis and 
synthesis. Given examples originate from one of the three components. 
**No example of spatial abilities could be given, as it could not be objectively identified in the verbalisations of the 
participants.



Chapter 2

34

Th e modifi cations of the coding scheme were applied to the framework. Th e fi nal resulting 
framework with knowledge and skills contains three knowledge items and thirteen skill 
items and is presented in Figure 2. Final defi nitions are listed in Appendix 2.

discussion

In this study, we constructed a conceptual framework of knowledge and skills required for 2D 
and volumetric image interpretation in radiology. We identifi ed three knowledge elements 
and thirteen skills essential to image interpretation of trainees, based on a mixed-method 
approach with a literature survey, expert interviews and verbal protocols. Th e think-aloud 
experiment showed that all three knowledge items and three of the skill items were applied 
to all three components of the image interpretation process. Th e remaining framework items 
were apparent only within one of the components. 

Most published studies concerning visual expertise in radiology describe the process or 
strategy of image interpretation2, 17, 19, 44, but the knowledge and skills required to apply these 
strategies are generally unclear. We included the interpretation of volumetric imaging in 
addition to the conventional imaging techniques, as volumetric imaging now accounts for a 
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figure 2. Th e fi nal framework representing important knowledge and skills for radiological image interpretation.
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major part of radiology practice, but is not included in previous studies12, 18, 22-25. We found 
image manipulation to be an important skill in volumetric image interpretation. 

In this study and the resulting framework we did not incorporate interpretation of ul-
trasound and angiography, while this is an important skill for radiologists as well. These 
imaging techniques and the concurrent interpretation require specific motor skills and eye-
hand coordination, which are crucial elements of the task. Studying the knowledge and skills 
needed to interpret these modalities should also include the knowledge and skills needed to 
carry out the techniques. This would require a different study design with for example video 
recording of (simulated) ultrasound and angiography investigations. 

This study has some limitations. The expert panel was selected based on years of experi-
ence in radiology, experience in radiological education and general educational expertise 
and experience. The literature does not provide guidelines for the desired characteristics of 
a visual perception expert. A different panel could have yielded other items. Further, expert 
radiologists could be unconscious of the knowledge they apply during image interpreta-
tion45, because of their fast, holistic approach4. We anticipated the presence of such tacit, 
encapsulated knowledge in experienced radiologists40, 41 and deliberately added advanced 
medical students to include more fundamental self-observations provided by their verbal 
protocols. Knowledge and skills verbalized by intermediates could reveal more items, as they 
appear to verbalize more than both novices and experts do. This is known as ‘the intermedi-
ate effect’40. As it is known that verbalisations during image interpretation differ between 
expert levels15, 17, 18, we cannot generalize these results to other expert levels.

We further acknowledge the dynamic status of the framework that we constructed. The 
research group has elaborated many hours on the construction of it, attempting to capture 
observed actions into words, suitable for both theory building and application among ra-
diologists with their own content jargon. One aspect particularly has occupied the research 
group. That is the visual representation of the required knowledge and skills within the 
radiological image interpretation process. Radiological image interpretation is a complex 
cognitive process and many knowledge and skill items are partly integrated. We tried to 
capture this in a graphic presentation of the process in figure 2, but we do realize that it 
is a simplification of the actual image interpretation process. Given what we know from 
the literature, from the consultation of a panel of experts and from observing intermediate 
trainees of radiology at work, we believe the current framework is the best representation 
of what happens during the complex mental processing of radiology images with current 
techniques.

The framework can serve as a guideline for radiology education and assessment. In par-
ticular, it could be used as a framework for learning objectives or test blueprints. As the study 
has been focussed on radiologists, we do not know if the resulting knowledge and skills are 
equally important for other clinicians who interpret radiological images. Nonetheless we 
think the knowledge and skills might be used to educate other physicians to teach them to 
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interpret radiological images in the way a radiologist would do it. The framework might 
even serve as a model for image interpretation in other medical domains that draw on visual 
diagnosis such as pathology and dermatology. 

To further validate the framework, image interpretation processes should be researched in 
larger study groups with different levels of expertise. Eye tracking studies may add insight in 
the perceptual component of image interpretation, especially in volumetric imaging, which 
is not largely investigated yet. It would also be helpful to identify modality-specific skills, for 
example by comparing 2D with volumetric image interpretation. If the implementation of 
the framework in a course or curriculum will alter the learning process of students should be 
determined in future research.



37

Appendix 1. The search syntax of the literature study

search terms entered into databases databases

interpretation skills OR interpretation activities OR cognitive skills OR cognitive activities 
OR interpretation abilities OR reading skills OR reading abilities OR perceptual activities OR 
perceptual abilities OR perceptual skills OR expertise

AND

radiology OR radiologist OR radiologic OR radiologists

Pubmed

PsychINFO

Embase

Appendix 2. Final definitions of the knowledge and skills in the framework

requisite knowledge and skills Knowledge and skills which are used in all components

Knowledge of anatomy Knowledge of anatomy, in particular radiological anatomical structures, as 
visualized with radiological imaging methods.

Knowledge of pathology Knowledge of pathology (diseases) and in particular features of pathology as 
visualized with radiological imaging methods, but also including knowledge of 
the clinical features, treatment and prevalence of the disease.

Knowledge of radiological imaging 
techniques

Knowledge of the acquisition of the images and the effect of radiological 
techniques on the image representation15.

Spatial abilities The ability to imagine a 2D representation as a 3D structure, to mentally 
rotate this structure and to analyze the relationship between different spatial 
representations46. 

Image manipulation skills 
(navigating through, changing views 
or contrast) 

To have knowledge of the effects of image manipulation on image 
representation and the ability to choose the optimal representation for a task, 
e.g. by navigating through the image, changing contrast or changing views 
(meta-representational competence)26.

Acquaintance of clinical information 
and context 

Using clinical information (from the request form, the patient status and from 
patient interaction) or clinical context (the type of hospital, requesting clinician 
etc.) for interpretation of the radiological examination.

perception identification of radiological findings

Using efficient search strategies Apply efficient search strategies, such as global search, systematic search and 
hypothesis-guided search. Search strategies might be successively applied during 
interpretation of a radiological image47. 

Discriminating normal from 
abnormal findings48 

Discriminate normal (and normal variance) from abnormal findings48. 

Pattern recognition Recognizing the diagnosis directly and unconsciously, based on similar patterns 
in visual memory. 

Analysis Examination of the features of radiological findings 

Comparing with previous images Comparing radiological findings with findings on previous examinations of the 
patient.

Characterizing findings Evaluating features (e.g. density, shape, contour) of the findings, if necessary by 
using post processing.

Discriminating relevant from 
irrelevant findings

Discriminate clinically relevant findings from findings which are not clinically 
relevant.
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synthesis The synthesis of radiological and clinical findings into a conclusion about 
the differential diagnosis and patient management.

 Information retrieval Skills for a purposeful search for information in a system, in which information 
is stored and represented (e.g. information in books, the internet). For the 
purpose of the verbal protocols: to realize that more information (clinical 
information, information out of books) is necessary to interpret the image 
properly

Integrating radiological findings Connecting radiological findings with each other (e.g. a lung nodule and 
mediastinal lymph nodes)

Generating a (differential) diagnosis Generating a list of possible diagnoses in order of probability. This incorporates 
generating as well as rejecting diagnoses and the classification of diseases, such 
as type or stage.

Deciding about advice or action Decide if it is necessary to give an advice (e.g. further examinations, follow-up 
exams) or take action (e.g. calling the requesting clinician immediately).
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ABstrAct 

objective In current practice radiologists interpret digital images, including a substantial 
amount of volumetric images. We hypothesized that interpretation of a stack of a volumetric 
dataset demands different skills than interpretation of two-dimensional (2D) cross-sectional 
images. This study aimed to investigate and compare knowledge and skills used for the 
interpretation of volumetric versus 2D images.

Methods Twenty radiology clerks were asked to think out loud while reading four or five 
volumetric CT images in stack mode and four or five 2D CT images. Cases were presented 
in a digital testing program allowing stack viewing of volumetric datasets and changing views 
and window settings. Thoughts verbalized by the participants were registered and coded by 
a framework of knowledge and skills concerning three components: perception, analysis 
and synthesis. The components were subdivided into sixteen discrete knowledge and skill 
elements. A within-subject analysis was performed to compare cognitive processes during 
volumetric image readings versus 2D cross-sectional image readings.

results Most utterances contained knowledge and skills concerning perception (46%). A 
smaller part involved synthesis (31%) and analysis (23%). More utterances regarded perception 
in volumetric image interpretation than in 2D image interpretation (Mdn 48% versus 35%, 
z = -3.9, p<.001). Synthesis was less prominent in volumetric than in 2D image interpretation 
(Mdn 28% versus 42%, z = -3.9, p<.001). No differences were found in analysis utterances.

conclusion Cognitive processes in volumetric and 2D cross-sectional image interpretation 
differ substantially. Volumetric image interpretation draws predominantly on perceptual 
processes while 2D image interpretation is mainly characterized by synthesis. The results 
encourage the use of volumetric images for teaching and testing perceptual skills. 
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introduction

The daily practice of radiologists has changed since the introduction of cross-sectional 
imaging techniques (e.g., CT and MRI) and digital viewing systems1, 2. Digital volumetric 
datasets have been introduced, which can be scrolled through in different planes and win-
dow settings. Volumetric image sets are increasingly used, because this is advantageous for 
identification and analysis of radiologic abnormalities3. We expect that the interpretation of 
stacks of volumetric datasets demands different skills than interpretation of two-dimensional 
(2D) images1, 4. For example, visual search patterns in stack mode viewing of CT images dif-
fer from tiled mode viewing5. Drew et al. found that the pattern of errors made in volumetric 
CT image interpretation differs from error patterns in the interpretation of 2D images, 
which were chest x-rays in this case, as decision errors are less common in CT image inter-
pretation6, 7. In volumetric image interpretation, radiologists need to navigate through and 
manipulate images in order to identify and analyze lesions. Although the multidimensional 
information enables a radiologist to observe the image features in detail, this requires the 
processing of much more information which could make the radiologists’ search more 
complex and time-consuming1. 

As radiology practice has changed, and cognitive processes in image interpretation may 
have consequently altered, traditional 2D teaching methods may not align well with the 
knowledge and skills required for current practice8. To gain insight in image interpretation 
skills for educational purposes, it is useful to explore which cognitive processes occur in 
volumetric image interpretation and how these differ from 2D image interpretation. 

Cognition is a generic term for processes that involve for example perceiving, recognizing, 
problem-solving, judging, reasoning and decision making9. Cognitive processes in radiologi-
cal image interpretation encompass extracting image information and combining this with 
information acquired from patient history and external sources to understand and make 
inferences about the meaning of the image. The cognitive processes of interest in this paper 
are the use of knowledge and skills for image interpretation. 

So far research has mainly focused on cognitive processes in the interpretation of 2D 
images such as chest X-rays10, 11. Differences in cognitive processes of radiologists and ra-
diology trainees in volumetric image interpretation are only recently researched. Morita et 
al. focused on the interaction between perceptual and conceptual processes12. Perceptual 
processing pertains to retrieving visual information from a CT image, e.g. density or shape 
of an abnormality. Conceptual processing refers to relating perceived image features to 
existing knowledge in the observer’s memory, for instance knowledge about radiological 
appearances of diseases or normal anatomy. This study showed that the interaction between 
the two processes was more prominent and occurred at an earlier stage among radiologists 
than among radiology trainees12. 
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In a previous study, we developed a framework representing knowledge and skills re-
quired for radiological image interpretation based on an interview and survey study among 
experts13. Th e framework has three main components: perception, analysis and synthesis, 
and sixteen subcomponents. Six requisite knowledge and skill items are related to more 
than one main component and are placed separately. Th e framework is presented in Figure 
1. Th e framework proved to be convenient for coding cognitive processes during image 
interpretation, with a high interrater reliability13. In the present study, the framework was 
used to characterize and compare cognitive processes used in volumetric and 2D image 
interpretation.

As current radiology practice largely involves volumetric image interpretation, the cogni-
tive processes underlying volumetric image interpretation should be further explored to 
improve education in modern image interpretation. Th e aim of this study is to reveal cogni-
tive processes during volumetric cross-sectional image interpretation and to compare these 
to cognitive processes used during 2D cross-sectional image interpretation. Th e research 
questions are: 1) Which cognitive processes occur during volumetric image interpretation? 
2) Which cognitive processes during volumetric image interpretation diff er from those in 
2D image interpretation in radiology education? We hypothesized that perceptual processes 
are more important in volumetric image interpretation, because searching for abnormalities 
could be more complex and time-consuming than in 2D image interpretation. 
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figure 1. Framework representing important knowledge and skills for radiological image interpretation. Reprinted 
from Van der Gijp et al.13. With kind permission from Springer Science and Business Media.
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MEthods 

study design
A within-subjects design was used. Concurrent verbal protocols were used as a proxy of 
cognitive processes14. Verbalizations of participants during volumetric and 2D radiologic 
image interpretation were compared. All participants gave written informed consent for the 
study. 

participants And setting
The study focused on an intermediate level study population, since intermediates are likely 
to verbalize more than both novices and experts do, known as the ‘intermediate effect’15. 
Twenty clerks of the radiology department of University Medical Center Utrecht agreed to 
volunteer in the study. Participants were fourth to sixth-year medical students with 75% 
women. In the Netherlands, medical school takes six years and includes clerkships. Their 
mean age was 24.7 years. All participants had completed an elective radiology clerkship 
(six to twelve weeks) less than two weeks prior to the study. The objectives of the clerk-
ship focused on acute or sub-acute pathology in four radiology subareas: neuroradiology, 
musculoskeletal radiology, abdominal radiology and chest radiology. 

instrumentation
Image Cases
Participants were asked to solve an even number of volumetric CT image and 2D CT image 
cases; fifteen participants received four of each and five participants received five of each. 
The volumetric CT images were read in stack mode. The 2D CT images consisted of one 
to four cross-sectional slices, selected from a volumetric dataset. All cases involved prevalent 
acute or sub-acute diseases in four radiology subareas: neuroradiology (e.g. brain infarction), 
musculoskeletal radiology (e.g. vertebral fracture), abdominal radiology (e.g. diverticulitis) 
and chest radiology (e.g. pneumonia). The cases were introduced with clinical background 
information, and corresponded with the teaching objectives of the clerkship. Two sets of 
volumetric and 2D images were used. All volumetric image cases in set A were presented 
as 2D image cases in set B and vice versa. Participants read eight or ten cases out of set A 
or B, half of the cases being volumetric and half 2D. Each case was read only once by each 
participant. Cases were presented in random order. 

Digital Assessment Environment
Cases were shown in VQuest16, a digital assessment environment which allows to scroll 
through a stack of images and change view or window setting. VQuest was found to be user-
friendly and image display was found to be a fair representation of clinical practice, especially 
when images were displayed in stack mode8, 17. In this study setting, it was not possible to 
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retrieve images from the patient archive and therefore images could not be compared with 
previous patient studies.

Image Display
Both volumetric and 2D CT images were presented in greyscale. Volumetric images were 
displayed in stack mode. Participants had the opportunity to scroll back and forth through 
the stack of images at desired speed in axial, sagittal and coronal view. Window setting could 
be adjusted in soft tissue, bone, lung and brain setting. 2D image cases contained a selection 
of one to four slices of a volumetric dataset, displayed in tiled mode. The selection of images 
showed the abnormalities needed to interpret the case. The window setting of each slice was 
fixed on the optimal setting for visualization of the abnormalities and could not be adjusted. 

Coding Scheme
The coding scheme was based on the framework as shown in Figure 1, containing knowledge 
and skill elements related to image interpretation13. All subcomponents of perception, analy-
sis and synthesis were labeled with a unique code. The framework also included six requisite 
knowledge and skill items, which were not component-specific. Requisite knowledge and 
skill items were all tagged with a code for perception, analysis and synthesis. 

procedure
Image Reading
Prior to the think aloud investigation, participants received a standard instruction and did an 
exercise in thinking out loud14. During the study, all participants were asked to think out loud 
while reading eight or ten digital radiologic CT cases. They were asked to report a diagnosis or 
differential diagnosis and to give an advice (e.g. for follow-up imaging) if necessary. They were 
also asked to indicate if they felt the need for additional information to solve the case. However, 
additional information sources were not available in the room. A supervisor stayed in the room 
during the entire think aloud investigation, to encourage participants to keep thinking aloud. 
The supervisor was the same person during the entire data collection.

Coding Process
Two independent raters coded the verbalizations of 25% of all participants. Because inter-
rater reliability was found to be satisfactory (mean Cohen’s κ = .76), one rater continued to 
code the remaining verbalizations. Utterances related to requisite knowledge and skills were 
all assigned to one of the three main components perception, analysis or synthesis, based on 
the content and context of the utterance. Although image manipulation was not allowed 
in 2D images, ‘image manipulation skills’ could be coded during 2D image interpretation 
in case knowledge about image manipulation was expressed, for example by stating how 
the image could be manipulated to support the interpretation process. Because participants 
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could not retrieve images from the patient archive, the variable ‘comparing with previous 
images’ could only be coded in case participants verbalized they would have liked to compare 
with previous patient images. As additional information sources, for example books or the 
internet were not available during case reading, utterances related to the intention to search 
for additional information were coded as ‘information retrieval’.

Data Analysis
Utterances that could not be related to image interpretation knowledge or skills were 
excluded from the analysis. The total number of utterances for each code was registered 
per participant per case. For each participant, the number and percentage of utterances 
per code and per main component were calculated for volumetric and 2D image cases. 
Wilcoxon signed-rank tests were conducted to compare the codes of the main components 
in volumetric readings and 2D readings. If main components were significantly different, 
codes of subcomponents in volumetric and 2D readings were compared using Wilcoxon 
signed-rank tests with a Bonferroni correction.

Institutional Review Board Approval
The study was approved by the Ethical Review Board of the Netherlands Association for 
Medical Education.

rEsults 

Except for spatial abilities, all knowledge and skill items were found to be verbalized by 
participants. Examples of utterances of each item are presented in Table 1. 

Fourteen percent of all utterances could not be related to image interpretation knowledge 
and skills and were excluded from the analysis. The total number of the remaining coded 
utterances was slightly more than twice as high in volumetric image cases compared to 2D 
image cases. This ratio was comparable in all four radiology subareas. Completion time 
was also more than twice as high in volumetric image cases. A wide range in the number of 
utterances was found among cases and among participants. Distribution of the number of 
utterances among volumetric and 2D image cases is given in Table 2.

Most utterances were categorized as perception (46%), followed by synthesis (31%) and 
analysis (23%). In volumetric image interpretation most utterances represented perception 
(Mdn 47.9%), in contrast to 2D image interpretation (Mdn 34.6%). The percentage of per-
ceptual utterances was significantly higher in volumetric images than in 2D images (z=-3.9, 
p<.001, r=.61). The percentage of utterances related to synthesis was significantly larger in 
2D images than in volumetric images (z=-3.9, p<.001, r=.61). The percentage of analysis was 
almost equal in both groups. Results of Wilcoxon Signed Rank tests are presented in Table 3. 
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table 1. Examples of verbalizations of knowledge and skill items 

framework 
components

code items Examples

requisites* Knowledge of anatomy “This is the posterior edge of the maxillary sinus.” 
(perception, subdural hematoma and maxillary sinus 
fracture)

Knowledge of pathology/ epidemiology “The filling defect seems to be situated in the middle of 
the vessel. Of course, this is a sign of an acute pulmonary 
embolism.” (synthesis, pulmonary embolism with lung 
infarction) 

Knowledge of radiological imaging 
techniques

“Let’s see if there is contrast leakage present. I am not sure 
if a contrast agent is used. I think there is.” (analysis, spleen 
laceration) 

Spatial abilities** -

Image manipulation skills (navigating 
through, changing views or contrast) 

“I always count vertebral bodies in the sagittal view.” 
(perception, Jefferson fracture)

Acquaintance of clinical information 
and context 

“I see a large hypodense area in the right hemisphere. This 
corresponds to the hemiparesis at the left.” (analysis, brain 
infarction)

perception Using efficient search strategies “I try to divide the head into three parts. First, I examine the 
upper part, then the middle part and finally the lower part.” 
(subarachnoid hemorrhage)

Discriminating normal from abnormal 
findings

“I see abnormalities in the lung. The heart looks normal.” 
(pulmonary contusion)

Pattern recognition “Then we directly see what this is: a scapular fracture.” 
(scapular fracture)

Analysis Comparing with previous images “A lesion in the left adrenal gland, probably an 
incidentaloma, though I can’t exclude malignancy. Besides, 
I don`t have anything to compare with.” (diverticulitis)

Characterizing findings “There is an increased density especially at the right side.” 
(subarachnoid hemorrhage)

Discriminating relevant from irrelevant 
findings

“This is probably a renal cyst. I don’t think this is causing 
any problems.” (aneurysm of the abdominal aorta)

synthesis Information retrieval “Fracture of (…) I would have to look up which bone has 
been broken.” (subdural hematoma and maxillary sinus 
fracture)

Integrating radiological findings “I see air in the brain which is probably coming from the 
maxillary sinus which is fractured (…) This means there is a 
connection between the maxillary sinus and the brain which 
causes intracranial air.” (subdural hematoma and maxillary 
sinus fracture)

Generating a (differential) diagnosis “I believe this is an aortic dissection. Where does it start, 
before or behind the vessels? No behind, so it is type B.” 
(aortic dissection)

Deciding about advice or action “Cerebral herniation…if I was a radiology resident, I 
would have warned them that they should pay attention to 
that.” (epidural hematoma)

*Knowledge and skill items of the category ‘requisites’ could relate to perception, analysis or synthesis. 
**The variable ‘spatial abilities’ was not identified.
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In volumetric image interpretation, ‘knowledge of anatomy’ was verbalized most (29.0% 
of the utterances), followed by ‘discriminating normal from abnormal findings’ (19.8%). 
‘Comparing with previous images’ and ‘discriminating relevant from irrelevant findings’ 
were coded the least, with one and five coded utterances respectively. ‘Characterizing find-
ings’ was most verbalized within analysis and ‘generating a differential diagnosis’ was most 
verbalized within synthesis. Figure 2 and 3 show the distributions of knowledge and skills 
in volumetric image interpretation and 2D image interpretation respectively. The horizontal 
scales of Figure 2 and 3 are not equal.

table 2. Distribution of utterances among volumetric and 2D image interpretation

Volumetric 2d

N participants 20 20

Total number of utterances 5429 2563 

Range among cases 11 - 253 7 - 60

Range among participants (average per case) 19 - 168 14 - 54

Mean completion time per case (s) 390 181

table 3. Differences in image interpretation components in 2D and volumetric image interpretation

component

Volumetric 2d

p-value* Effect size rtotal Median % total Median % 

Perception 2751 47.9 945 34.6 <.001 .61

Analysis 1245 23.4 555 21.7 .31 .16

Synthesis 1433 27.8 1063 41.5 <.001 .61

* Wilcoxon Signed Rank Test
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figure 2. Distribution of knowledge and skill items used in volumetric image interpretation.
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The perception subcomponents ‘knowledge of anatomy’, ‘using efficient search strategies’ 
and ‘image manipulation skills’ represented a larger part of utterances in volumetric image 
interpretation than in 2D image interpretation, z=-3.1, p<.005, r=.49; z=-3.6, p<.001, r=.57 
and z=-3.9, p<.001, r=.62 respectively. The synthesis component ‘generating a differential 
diagnosis’ represented a larger part of 2D image interpretation than volumetric image inter-
pretation, z=-3.2, p<.001, r=.51.

discussion

Cognitive processes in volumetric image interpretation were found to differ from 2D 
cross-sectional image interpretation. Volumetric image interpretation involves more cogni-
tive processes than 2D image interpretation, but completion time differed with the same 
factor. Perception is more prominent in volumetric image interpretation than in 2D image 
interpretation. Cognitive processes related to synthesis have a bigger share in 2D image 
interpretation (though in absolute numbers, synthesis is also more prevalent in volumetric 
image interpretation). A framework of knowledge and skills in radiological image interpreta-
tion was used to subcategorize these cognitive processes on a knowledge and skill level 13. In 
the category perception, ‘knowledge of anatomy’, ‘the use of efficient search strategies’ and 
‘image manipulation skills’ were more prominent in volumetric than in 2D image interpre-
tation. In the category synthesis, ‘generating a differential diagnosis’ was less prominent in 
volumetric than in 2D image interpretation. 

The prominence of perception in volumetric image interpretation could be due to a more 
complex and time-consuming search for abnormalities in volumetric image interpretation, 
which is supported by our results showing more verbalizations of using efficient search 
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figure 3. Distribution of knowledge and skill items used in 2D image interpretation.
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strategies and image manipulation skills in volumetric image interpretation. Knowledge of 
anatomy was also more frequently used in volumetric image interpretation, which is prob-
ably due to a larger amount of anatomical information that has to be processed. In absolute 
numbers, synthesis is found more in volumetric image interpretation, but less than expected 
based on completion time differences. This could be caused by a relatively less complex and 
time-consuming search, which leaves time and mental effort for a more thorough synthesis 
process. 

Based on the number of verbalized cognitive processes and the completion time, the men-
tal effort seems higher in volumetric image interpretation than in 2D image interpretation. 
This aligns with previous research showing a positive relation between ‘multiplanar image 
information’ and self-reported mental effort of medical students performing a radiological 
image interpretation task18. 

We did not find other studies reporting differences in cognitive processes in volumetric 
versus 2D image interpretation in the context of radiology education. Previously reported 
differences in visual search patterns and error patterns5-7 only suggest a difference in cogni-
tive processes, though the actual cognitive processes during image interpretation, in terms 
of the thinking process of the image interpreter, was not investigated. Most verbal protocol 
studies investigating cognitive processes in radiological image interpretation research are 
related to differences in expertise levels. For example, studies in X-ray image interpretation 
show that experts report more different and connecting findings than novices and generate 
longer chains of reasoning10, 11. Besides, experts appear to ignore irrelevant data, but take 
immediate account of relevant data10, 11. Lesgold et al. studied the cognitive processes of 
experts and concluded they ‘see things differently’, ‘build mental representations of patient 
anatomy’ and ‘exhibit flexibility’. These studies describe important differences in verbaliza-
tions between expert levels, but do not translate these into knowledge and skills needed for 
the task. In our study verbal protocols during image interpretation were analyzed on a level 
of knowledge and skills, to make the results useful for educational purposes. One other 
study, conducted in CT image interpretation reported a detailed analysis of verbal protocols 
in numerous subcategories19. The authors reported the content of the information verbalized 
by the participants but did not translate the information into knowledge and skills. For 
example, it was registered how many times words like ‘density’, ‘shape’ and ‘size’ of the lesion 
was mentioned, which we translated into the skill: ‘characterizing findings’. 

Our results regarding examination time, being longer in volumetric image interpreta-
tion than in 2D image interpretation, are contradictory to the results of Ellis et al. 5 who 
found longer examination times in tiled reading versus stack reading. This difference can be 
explained by the difference in number of 2D images presented to participants. Tiled reading 
includes multiple images presented next to each other, while in our study only a few 2D CT 
slices were presented, as this is more common in radiology education and we tried to find 
differences in 2D and volumetric image interpretation relevant for education.
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Our study has some limitations. Verbal protocols are used as a proxy of cognitive processes. 
Utterances of participants are used to capture knowledge and skills that might underlie those 
utterances20. Relying on verbal protocols could possibly underestimate the amount of cogni-
tive processes and could blur the distribution. Cognitive processes can be unconscious and 
therefore might not to be verbalized. For example, ‘discriminating relevant from irrelevant 
findings’ is a process that probably frequently occurs during image interpretation as not all 
findings are being reported, though the decision to report a finding because it is judged 
relevant (or not to report a finding because it is judged irrelevant) is barely verbalized. This 
potential bias increases with growing automaticity of the processes and is therefore more 
prominent in experts14. To minimize discrepancies between the cognitive processes actually 
used during the performance and the cognitive processes reported, we collected concur-
rent instead of retrospective verbal reports14. Thinking aloud is expected to have little effect 
on perceptual performance in radiological image interpretation, except for prolonging the 
task21. Some cognitive processes may have been underestimated or overestimated due to the 
experimental conditions. Because previous patient studies were not available, the variable 
‘comparing with previous images’ could only be coded when participants made explicit 
that they wanted to compare. As a consequence, ‘comparing with previous images’ was 
hardly verbalized in this study. One skill that may have been overestimated is ‘information 
retrieval’. Because information sources were not available in the study setting, participants 
were asked whether they needed additional information to solve the case. This could have 
encouraged participants to verbalize thoughts about the intention to search for additional 
information, which was coded as ‘information retrieval’. We do not suppose that these 
under- or overestimations influenced our results concerning the comparison of 2D and 3D 
image interpretation, because we used a within-subject design. 

The study population consisted of radiology clerks, i.e. fourth to sixth-year medical 
students. The distribution of cognitive processes could be different in novices and experts. 
It is not sure if the differences in cognitive processes between volumetric and 2D image 
interpretation will persist in radiology experts, because experts have proven to be more 
proficient searchers as shown in numerous eye tracking studies22-26 and perceptual processes 
might be less prominent in volumetric image interpretation. Characterizing differences in 
cognitive processes in volumetric and 2D image interpretation of novices and experts could 
be subject for further investigation. A suggestion for further research would be to validate 
our results in other expertise levels.

Our results encourage the use of volumetric images in radiology education, because its 
interpretation requires different and more extensive knowledge and skills than 2D image 
interpretation. Especially for teaching and testing perceptual skills, volumetric images are 
recommended.
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ABstrAct

objective Eye tracking research has been conducted for decades to gain understanding of 
visual diagnosis such as in radiology. For educational purposes, it is important to identify 
visual search patterns that are related to high perceptual performance and to identify effec-
tive teaching strategies. This review of eye tracking literature in the radiology domain aims 
to identify visual search patterns associated with high perceptual performance. 

Methods Databases PubMed, EMBASE, ERIC, PsycINFO, Scopus and Web of Science were 
searched using ‘visual perception’ OR ‘eye tracking’ AND ‘radiology’ and synonyms. Two 
authors independently screened search results and included eye tracking studies concerning 
visual skills in radiology published between January 1, 1994 and July 31, 2015. Two authors 
independently assessed study quality with the Medical Education Research Study Quality 
Instrument (MERSQI), and extracted study data with respect to design, participant and task 
characteristics, and variables. A thematic analysis was conducted to extract and arrange study 
results, and a textual narrative synthesis was applied for data integration and interpretation.

results The search resulted in 22 relevant full-text articles. Thematic analysis resulted in 
six themes that informed the relation between visual search and level of expertise: 1) time 
on task, 2) eye movement characteristics of experts, 3) differences in visual attention, 4) 
visual search patterns, 5) search patterns in cross-sectional stack imaging, and 6) teach-
ing visual search strategies. Expert search was found to be characterized by a global-focal 
search pattern, which represents an initial global impression, followed by a detailed, focal 
search-to-find mode. Specific task-related search patterns, like drilling through CT scans 
and systematic search in chest X-rays, were found to be related to high expert levels. One 
study investigated teaching of visual search strategies, and did not find a significant effect on 
perceptual performance.

conclusion Eye tracking literature in radiology indicates several search patterns are related 
to high levels of expertise, but teaching novices to search as an expert may not be effec-
tive. Experimental research is needed to find out which search strategies can improve image 
perception in learners.
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introduction

An important part of clinical reasoning is based on visual information. Physicians use visual 
information derived from direct observation of patients (e.g. dermatologic findings) and 
from other means such as electrocardiograms, histopathology and radiological images. Eye 
tracking can reflect physicians’ attention with objective measures and provide insight into 
clinical reasoning processes1. Visual diagnosis plays a central role in diagnostic radiology 
and eye tracking procedures have proven to be a valuable tool for investigating the visual 
diagnostic process in radiology for decades2.

Several investigators have proposed models that attempt to capture the complexity of 
radiologists’ visual search. In 1978, Nodine and Kundel proposed a 3-phase theory of visual 
search and detection, distinguishing initial overall pattern recognition, focal attention for 
image detail and final decision making3. The first phase refers to the first glance at the image, 
in which observers compare an anatomic mind map with the perceived image and localize 
perturbations. Evidence of this holistic search derives from studies in which expert radiolo-
gists were found to be able to correctly identify abnormal images within approximately one 
fourth of a second4-6. In the following scanning phase, observers examine potential targets 
and perturbations through fixation (i.e., directing their gaze and visual attention to a specific 
location). In the third phase, a decision about the presence of a lesion is made, characterized 
by prolonged or multiple clustered fixations. 

More recent research discerns only two components of visual search, embracing a similar 
concept of a global-focal search model: 1) a relatively fast global impression that signals 
possible abnormalities and 2) a slower, more detailed focal search for recognition and evalu-
ation of abnormalities. These two components of visual search are defined either as a fast 
holistic and slow search-to-find mode7; a pre-attentive filter and cognitive evaluation stage8; 
or nonselective and selective pathways running in parallel9. The concept also aligns with the 
system 1 and system 2 thinking modes described by Kahneman10. The fast, holistic impres-
sion of a global search relates to system 1 thinking, which is an automatic and relatively 
quick thinking process, while the slower focal search mode can be associated with the more 
attentional and effortful mental activity of system 2 thinking. 

These models were developed for static 2D images and may not apply to cross-sectional 
stack imaging where visual search patterns are even more complex. Cross-sectional images, 
such as Computed Tomography (CT) and Magnetic Resonance (MR) scans, are currently 
viewed in stack mode which involves scrolling through a large set of consecutive cross-
sections of a body region. Searching a stack of cross-sectional images differs fundamentally 
from searching a single image, because the identification and interpretation of abnormalities 
requires scrolling through a set of images and the visual information changes continuously 
depending on the level of the cross-section.
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Perceptual errors, i.e. errors in the detection of abnormalities, account for a major part of 
misdiagnoses in radiology11, and can result from cognitive biases12 or a faulty visual search13. 
It is important to identify visual search patterns that do or do not lead to an accurate percep-
tion of lesions on radiological images. From an educational perspective, the ultimate goal 
of eye tracking research in medical image perception is to improve image interpretation 
by avoiding errors in visual search. When we understand the perceptual process, we may 
identify search strategies that lead to improved performance of clinicians and integrate these 
in radiology training. The aim of this review is to identify visual search characteristics that 
may lead to higher perceptual accuracy. The central question in this review is: How do 
visual search characteristics relate to diagnostic performance in radiology? We explored eye 
tracking research in the radiology expertise literature to address this question.

To understand this research, some background information is needed about eye movement 
parameters and how they relate to the global-focal search models. Eye movement parameters 
that are frequently used in radiological image perception are: time to first fixation of the 
abnormality, fixation durations on relevant or redundant areas, number of fixations on relevant 
or redundant areas, saccades and image coverage. A fixation is a period of time wherein the 
eye remains still. It reflects attention to that particular area in the image and actual intake 
of information. Saccades are the rapid eye movements in between fixations to re-allocate the 
focus of attention from one area to another. During a saccade, no visual information can be 
processed1. 

According to the global-focal search models7-9, experts exhibit an efficient search by select-
ing potential lesions with a global search, taking advantage of a larger functional visual 
field than novices in combination with a greater conceptual knowledge about where to best 
look for abnormalities. The global search guides the eyes to suspicious areas for a more 
detailed focal search. In an effective global search, perturbations are localized fast and time 
to first fixation of the abnormality is expected to be shorter in experts than in less proficient 
observers14. The efficient selection process enables experts to take in all relevant informa-
tion through fewer fixations, so that image coverage, based on location of fixations, may be 
relatively less in experts’ searches. Consequently, required search time also decreases with 
increasing expertise. Saccades are presumed to enlarge with experience due to an increased 
visual span14, 15. An effective global search could decrease the need to fixate intensively on a 
lesion and could decrease fixation duration and number of fixation parameters14. On the other 
hand, an ineffective global search can prevent an observer from recognizing the abnormality 
at all, also decreasing the duration and number of fixations on a lesion. These parameters are 
probably task-specific14, 15, so we expect variable relationships to expert level. 

In addition to the traditional eye movement parameters, various derivative parameters are 
increasingly being used to capture and categorize complex search patterns that result from a 
combination of subsequent eye movements. In this article, we will refer to these parameters 
as ‘visual search patterns’. 
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MEthods

A narrative systematic review16 was conducted. The search strategy was systematic, with a 
broad sensitive approach. The data of the included studies did not allow for a meta-analysis, 
due to large variations in methodology, variables and outcome measures. A thematic analysis 
approach17 was used to extract and arrange the data. Next, results within each theme were 
integrated and interpreted with a textual narrative synthesis18, visualizing the differences and 
similarities in results among varying study methodologies. 

literature review protocol
We searched the databases PubMed, EMBASE, ERIC, PsycINFO, Scopus and Web of Sci-
ence on August 15, 2014. A librarian assisted with the electronic search. The search terms 
were synonyms of ‘visual perception’ and ‘eye tracking’, combined with the Boolean operator 
AND to synonyms of radiology. The search strategy consisted of keywords and controlled 
vocabulary (Figure 1). Because radiology imaging has tremendously changed in the last 
decades and only fairly recent literature can reflect current radiology practice, we limited the 
search to the last twenty years. The search was repeated on July 31, 2015. 

study Eligibility and selection
We included empirical studies published between January 1, 1994 and July 13, 2015. Stud-
ies had to address at least one of the three following topics by means of eye tracking research: 
(1) the relationship between level of expertise and visual search characteristics, (2) the rela-
tionship between performance and visual search characteristics, or (3) the effect of teaching 

Pubmed 
in  title and abstract

Embase
in title and abstract

ERIC
in  title and abstract

Psychinfo
in title and abstract

Scopus
in title, abstract and keywords

Web of science
in title or topic

visual perception OR visual search OR visual scanning OR visual
tracking OR perceptual OR eye movement OR eye movements OR
eye movement measurements OR ocular movement OR ocular
movements OR ocular fixation OR eyetracking OR eye tracking OR
eye-tracking OR eyetrack OR eyetracker OR eye-tracker OR eye
tracker OR eye control OR eye controlled OR eye-controlled OR
eye position OR eye-position OR eye positions OR eye-positions
OR eye fixation OR eye fixations OR gaze tracking OR gaze-
tracking OR gaze tracker OR gaze trackers OR gaze duration OR
fixation analysis

OR

relevant mesh terms/emtrees/subject headings

AND

radiology OR radiography OR radiologic OR radiological OR
radiologist OR radiologists OR radiographic OR radiograph OR
radiographs OR Roentgenography

OR

relevant mesh terms/emtrees/subject headings

Search syntax     Date of search: 15 aug 2014

Search terms entered into databases:Databases searched: 

Pubmed

Mesh terms
Visual perception, eye movements, eye movement, 
measurements, radiology and radiography

Embase 

Emtree terms
pattern recognition, signal detection, gaze, eye fixation, 
eye movement, eye tracking, radiology, radiography 
and radiologist

PsycINFO

Subject Headings (Exp)
Visual perception, eye movements, eye fixation, visual 
tracking, roentgenography, radiology

ERIC

Subject Headings (Exp)
Visual perception, eye movements, radiology

Relevant mesh terms/emtrees/subject headings used:

Limit: Publication year 1994-2014

figure 1. Search syntax
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visual search strategies on performance. Reviews were only included for bibliography search. 
Inclusion and exclusion criteria are summarized in the search flowchart (Figure 2).

After removing duplicate articles, two authors (C.J.R and A.G.) independently screened 
titles and abstracts for relevance. Inclusion and exclusion criteria were applied to all poten-
tially relevant full-text articles. In the case of discrepancy between the two researchers, the 
eligibility of the study was discussed to reach consensus. If two similar articles were published 
based on overlapping study data, only the one with the largest sample was included. The 
bibliographies of included articles were screened for additional relevant articles.

data collection, quality Assessment 
Two reviewers independently extracted characteristics and outcomes of the studies that met 
the inclusion criteria. Discrepancy between the researchers was discussed until consensus was 
reached. The quality of the studies was assessed with the Medical Education Research Study 
Quality Instrument (MERSQI) score19. 

Pubmed
2,533

Embase
7,597

PsychINFO
92

ERIC
13

Scopus
1,347

(… ‘Visual perception’ OR ‘visual search’ OR ... OR … ‘visual perception’ OR ‘ eye movement’ [Mesh/emtrees/descriptors]...) 
AND 

(...‘ radiology’ OR ‘ radiological’ OR ...  OR ... ‘ radiology’ OR ‘radiography (Mesh/emtrees/descriptors)...)

56 relevant articles 

Web of Science
542

Inclusion criteria:
Studies concerning the relation of visual search 
patterns and expertise level/performance in 
radiology image interpretation, measured with 
eye tracking 
Quantitive and qualitative, experimental or non-
experimental 
Empirical studies or review
Articles in English 

Exclusion criteria:
Comments or expert opinions
Studies concerning perception of non-radiological 
images
Studies concerning dental or veterinary medicine
Studies published before 1994

10,555 screened for 
relevance

37 for full text screening

Excluded based on 
full-text (19)

22 included in 
qualitative synthesis

Additional search on 31 July 2015 and 
bibliography search (4)

Total 12,124

No full text 
availability (19)

Removing 
duplicates (1569) 

figure 2. Search flow chart
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data Analysis and synthesis
The relationship between visual search characteristics and level of expertise was approached 
in several ways. We could identify six topics for thematic analysis: (1) time on task, (2) eye 
movement characteristics of experts, (3) differences in visual attention, (4) visual search 
patterns, (5) search patterns in cross-sectional stack imaging, and (6) teaching visual search 
strategies. All data were categorized in one of these themes. One single study could address 
multiple themes. For the textual narrative synthesis, the results within each theme were 
pooled in different subgroups to discover patterns of differences and similarities in results in 
between or within subgroups. Subgroup results were compared based on differences in task, 
target, image modality and lesion subtlety (Table 2); similarities and differences in subgroup 
results were reported. 

rEsults

The primary search on August 15, 2014 yielded 12,125 articles; after removing duplicates 
10,555 remained. Narrowing the search strategy was considered, but key words broadening 
the search (e.g. visual perception, eye movements) were essential for the research questions 
and could not be omitted. Titles were screened for relevance. Applying inclusion and exclu-
sion criteria on abstracts of potentially relevant studies resulted in 56 relevant abstracts, 
of which 37 articles could be retrieved in full-text. After applying inclusion and exclusion 
criteria on full-text articles, 18 relevant studies remained. Four additional articles were added 
from the second search on July 31, 2015. Screening reference lists of all included articles 
and six review articles2, 9, 14, 20-22 did not provide additional relevant articles. Search results are 
summarized in Figure 2. 

characteristics of included studies
All included studies contained quantitative data. Four studies additionally analyzed qualita-
tive data with respect to the research question23-26. In total, 526 observers participated in the 
studies. Quality assessment yielded a mean MERSQI score of 11.5 (out of 18), ranging from 
8.5 to 14.5. A major limitation of most studies was the study design. Almost all studies were 
cross-sectional studies, investigating associations between level of expertise and visual search 
characteristics, which may have been influenced by many co-varying factors. Only one 
study investigated the effect of visual search strategies on performance with a randomized 
controlled trial27. Triangulation of eye tracking data with other measures is important for a 
sound interpretation of underlying cognitive processes28. Unfortunately, the vast majority of 
the studies only related the eye tracking data to performance data and did not triangulate 
results with verbal data. Sampling was generally done from one institution, except for one 
study that sampled two institutions29. The validity evidence for the evaluation instruments 
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varied between studies. For example, several studies did not report any properties of the 
applied eye tracking system and whether or not image findings were validated by an expert 
panel. Overall, strengths of the studies were the objectivity of the data and outcome measures. 

The included studies are listed in Table 1. Detailed characteristics of the studies are shown 
in the appendix. The results of the thematic analysis are listed in Table 2.

time on task
In general visual search time decreases with increasing levels of expertise24, 26, 27, 30-36. The 
average time experts took to view an image varied largely between studies, ranging from 
four seconds up to around 45 seconds, due to differences in task characteristics (detection, 
interpretation or both; lesion subtlety) and time limits. Novices or lay persons took ap-
proximately 1.5 to 2.5 times longer. In some studies viewing time did not significantly differ 
between expert levels37-39. 

Eye Movement characteristics of Experts
Studies show a high variance in the type of tasks, relating to detection or interpretation, 
subtlety and number of lesions, image modality and time limits. Despite these differences, 
there are some consistent patterns in how experts move their eyes compared to less profi-
cient observers: experts fixate faster on an abnormality7, 24, 30, 34, 39, 40 and make more fixa-
tions26, 32, 33, 35. Experts or subspecialized experts tended to fixate on an abnormality within 
0.5 to two seconds in mammography and CT studies, around three seconds in skeletal and 
chest X-rays, and up to five seconds in subtle fracture cases. Novices typically took around 
1.5 to two times longer to fixate on a lesion, and up to 4.5 times longer in cases with subtle 
abnormalities or a second abnormality. Most studies found no significant differences in total 
fixation duration between expert levels15, 31, 33. 

Other findings were less consistent across studies. Saccade length was found to be larger 
in experts than novices in two studies31, 32, but smaller in one study15. The short saccades of 
experts were found in CT scans with visceral abnormalities (e.g. cancer) and related enlarged 
lymph nodes, which are often grouped and in the vicinity of the visceral abnormality. 
Variable results were found concerning image coverage: two chest X-ray studies found a 
negative relation between image coverage and expertise level27, 32, while two chest CT studies 
found a positive relationship between image coverage and performance29, 36. Eye movement 
characteristics of experts are summarized in Table 3.

differences in Visual Attention
Apart from describing pure eye movement characteristics of experts, examining which areas 
in the image receive more or less attention can give additional insight into the nature of visual 
expertise. For example, do experts pay more attention to the abnormality (the area of interest, 
AOI), or do they spend more time on the rest of the image to check for other abnormalities? 
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table 1. Characteristics and quality assessment of included studies
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2009 Alzubaidi, M.a CONF RAD x x x x x 1 1 3 0 2 1.5 8.5

2010 Alzubaidi, M.b CONF RAD x x x x 1 1 3 1 2 1.5 9.5

2013 Bertram, R. JOUR RAD x x x x 1 1 3 2 3 1.5 11.5

2010 Cooper, L. CONF RAD x x x x 1 1 3 3 3 1.5 12.5

2015 Diaz, I. JOUR RAD x x x x 1 1 3 1 1 1.5 8.5

2013 Donovan, T. JOUR RAD x x x x 1 1 3 3 3 1.5 12.5

2013 Drew, T. JOUR RAD x x x 1 2 3 3 3 1.5 13.5

2015 Giovinco N.A. JOUR ORT x x x 1 1 3 2 2 1.5 10.5

1994 Hu, C. H. JOUR RAD x x x x x 1 1 3 3 3 1.5 12.5

2012 Kok, E.a JOUR RAD x x x x 1 1 3 3 3 1.5 12.5

2016 Kok, E.b - exp.1 JOUR RAD x x x x 1 1 3 3 3 1.5 12.5

2016 Kok, E.b - exp.2 JOUR RAD x x x 3 1 3 3 3 1.5 14.5

1996 Krupinski, E. A. JOUR RAD x x x x x 1 1 3 3 3 1.5 12.5

2007 Kundel, H. L. JOUR RAD x x x 1 1 3 3 3 1.5 12.5

2007 Leong, J. J. H. JOUR ORT/
RAD/
A&E

x x x x 1 1 3 2 3 1.5 11.5

2014 Mallet, S. JOUR RAD x x x x 1 1 3 3 2 1.5 11.5

2006 Manning, D.b JOUR RAD x x x x 1 1 3 1 3 1.5 10.5

2011 Matsumoto, H. JOUR NEU x x x x 1 1 3 2 3 1.5 11.5

1996 Nodine, C. F.a JOUR RAD x x x x 1 1 3 0 3 1.5 9.5

2002 Nodine, C. F.b JOUR RAD x x x x 1 1 3 2 3 1.5 11.5

2015 Rubin, G.D. JOUR RAD x x x 1 1 3 3 3 1.5 12.5

2013 Voisin, S. CONF RAD x x x 1 1 3 2 2 1.5 10.5

2012 Wood, G. JOUR RAD x x x x x 1 1 3 3 3 1.5 12.5

‡Research question categories: 1. Expert level related to visual search patterns; 2. Visual search patterns related to 
performance; 3. Visual search patterns or expert level related to error types 
CONF = Conference paper, JOUR = Journal article, RAD = Radiology, ORT = Orthopedics, A&E = Accident and 
Emergency, NEU = Neurology
MERSQI = Medical Education Research Study Quality Instrument. Exp. = Experiment



Chapter 4

68

table 2. Results of thematic analysis
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Alzubaidi, M.a 5 S-E D+I chest lesions XR 20 NS X X X

Alzubaidi, M.b 5 S-E D+I chest lesions XR 20 NS X

Bertram, R. 38 E-N-L D abdominal lesions sCT 9 M X X

Cooper, L. 28 E-I-L D stroke sCT / 
MR

48 M X X X

Diaz, I. 6 E-N D lung nodules sCT NS M X

Donovan, T. 40 E-N-L D lung nodules XR 30 S X X

Drew, T. 25 E D lung nodules sCT 5 S X X

Giovinco, N.A. 16 E-I I bunion XR 25 NA X X

Hu, C. H. 15 S-E-I-N D lung nodules / 
fractures

XR 10 S X

Kok, E.a 30 E-I-N D+I chest lesions XR 24 S X X X

Kok, E.b - exp.1 20 E-I-N D+I chest lesions XR 5 NA X X X

Kok, E.b - exp.2 75 N chest lesions XR 22 M X

Krupinski, E. A. 6 S-I D breast cancer XR 20 M X X X

Kundel, H. L. 9 S-E-I D+I breast cancer XR 40 S X X

Leong, J. J. H. 25 E-I D fractures XR 33 NS X X X

Mallet, S. 65 S-E D colon polyps CTC 23 M X X

Manning, D. b 21 E-N D lung nodules XR 120 M X X

Matsumoto, H. 24 E-N D+I stroke tCT 6 M X

Nodine, C. F.a 15 S-I-N-L D+I breast cancer XR 9 NS X

Nodine, C. F.b 9 S-E-I D+I breast cancer XR 40 S X X

Rubin, G.D. 13 S-E-I D lung nodules sCT 40 S X X

Voisin, S. 6 S-I I breast masses XR 40 NA X X

Wood, G. 30 E-I-N D+I fractures XR 9 M X X X

S = subspecialized experts, E = experts, I = intermediates, N = novices, L = lay people
D = detection, I = interpretation 
XR = X-rays, sCT = stack mode Computed Tomography, tCT = tiled mode Computed Tomography, MR = Mag-
netic Resonance
S = subtle lesions, M = mixed subtle and non-subtle, NA = not applicable, NS = not specified
exp. = experiment
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Results were found to differ across tasks: fixation duration on AOIs decreased in higher 
level experts in detection only tasks30, 37, 38, but increased in tasks combining detection and 
interpretation23, 34, 41. The increase in fixation duration was most prominent in subtle le-
sions23, 34. The effect of expertise on the frequency of fixations on a relevant area also differed 
across tasks. During lung nodule detection, experts fixated less frequently on nodules than 
novices did 37. In contrast to novices, experts did not increase their fixation frequency, when 
hydronephrosis (i.e. a dilated renal collecting system) was visible on CT15. However, when 
searching CT scans for enlarged lymph nodes, experts fixated more frequently than novices 
did on a region were enlarged lymph nodes prevail15. When lymph nodes were present, they 
further increased their fixation frequency in contrast to novices15. This difference may be 
explained by the nature of the tasks. The experts probably did not need as many fixations as 
the novices to identify a lung nodule or hydronephrosis. They instead deliberately sampled 
other areas where abnormalities frequently are expected, and increased their attention to 
assess lymph nodes for enlargement. 

Compared to experts, novices are found to give more attention to salient structures, re-
gardless of their relevance. For example, the heart is a salient though relatively unimportant 
structure on a chest X-ray, because there is generally not much to report about it apart from 
its size. Naïve observers spend much time on the heart, while experts spend a large percent-
age of their time on the lungs37. Similarly, Matsumoto et al. found that novices fixated more 
or equally often on salient features in brain CT scans (e.g. physiological calcifications), while 
experts fixated more on non-salient, but relevant areas, such as the brain parenchyma and 
inconspicuous lesions23. 

Visual search patterns
Several studies distinguished different visual search patterns among different types of tasks 
(Table 4). Hu et al.25 described four types of search patterns (circular, radial, zigzag and 

table 3. The relation between level of expertise and eye tracking parameters

Eye tracking parameters Association with high levels of expertise (number of studies*) 

total time Decrease (10)

time to first fixation Decrease (6)

total fixation duration -

fixation duration on Aoi Increase (3) or decrease (3)

dwell time ratio Increase (1) or decrease (1)

total number of fixations Decrease (4)

number of fixations on Aoi Increase (1) or decrease (1)

saccade length Increase (2) or decrease (1)

image coverage Decrease (2) or increase (2)

*Only significant results are included
- = No significant difference reported
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complex) in wrist and hand X-ray search and found that experts predominantly follow a 
radial pattern, i.e. following the digits out and back from the carpus, while novices’ search 
patterns were more variable. Krupinski et al.24 reported that, in mammograms with more 
than one lesion, after detection of the first lesion, intermediates generally followed a 
circumferential search pattern, while experts directly proceeded to the second (and third) 
lesion. Also, experts showed more comparison scanning between the left and right breast. 
Kok et al.31 found a higher global/local ratio in experts viewing normal chest X-ray images, 
meaning that experts’ visual search patterns were more diffuse than novices. In abnormal 
images no significant global/local ratio differences were found between expert levels. This 
research group also found that experts searched normal chest X-rays more systematically 
than novices27. 

Global-Focal Search Patterns
Some studies found quantitative or qualitative evidence that the visual search of experts is 
characterized by a global-focal search pattern. Quantitative evidence was based on distance 
to target measures and showed that experts’ search was consistent with a two-stage search 
pattern: 1) spending time on or near the abnormality, interpreted as time for identification 
and decision making and 2) spending time relatively far from the abnormality, for cross-
referencing or identification of other abnormalities38. The use of a two-stage search was 
corroborated by qualitative data from another study where radiologists were interviewed 
following an eye tracking experiment26. The most experienced radiologists described a two-
step search strategy, starting with holistic perception, followed by more spatially focused 
visual perception analyzing areas of the X-ray image in detail. In contrast, the radiologist 
with the least experience described his search strategy as a sequential examination of small 
areas, a predominantly focal search pattern which was supported by his eye movements26. 
Qualitative evidence for a global-focal search pattern was also found in mammography: 
the best observers typically jumped directly to the malignancy at the beginning of their 
search, followed by a circumferential scan of the view, and consecutively a long saccade to 
the malignancy at the second view, again followed by a circumferential scan7. Alzubaidi et 

table 4. Characteristics of visual search patterns associated with high levels of expertise

image modality Visual search patterns in high expert levels

Wrist and hand x-rays Radial pattern; global-focal pattern 

Mammography Comparison scanning between left and right

Global-focal pattern

chest x-rays Systematic search 

Global-focal pattern

Diffuse pattern

chest ct in stack mode Drilling (scrolling up and down while focusing on one area)
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al. found that less experienced observers fixate more often than experienced observers within 
one region repetitively42, again reflecting a focal search pattern in the less experienced.

search patterns in cross-sectional stack imaging
Two studies combined eye tracking and scroll behavior data and distilled different search 
patterns used in cross-sectional stack image viewing. Drew et al.29 distinguished two visual 
search patterns in lung nodule detection in a stack of CT images: scanners and drillers. Scan-
ners tend to visually search a single slide, before scrolling further through the stack, while 
drillers focus their eyes on one quadrant of the lung field and quickly scroll through the stack 
in depth before moving to another quadrant. Scanners’ search patterns are characterized by 
longer saccades and more quadrant fixation clusters compared to drillers. Drillers reached 
larger lung coverage and identified more pulmonary nodules than scanners. As a co-varying 
factor, drillers tended to have more experience in searching through chest CT scans than 
scanners. A second, descriptive study of radiologists’ approach to viewing CT scans43 found 
a search approach similar to drilling: an organized way of scrolling and viewing through 
CT scans by typically scrolling up and down through a quadrant once before moving to a 
next quadrant. Lay people’s search patterns showed more frequent changes in scrolling and 
viewing direction and varied more than expert patterns. 

teaching Visual search strategies
Only one study addressed the effect of teaching specific search strategies and compared three 
visual search trainings in chest X-ray viewing: systematic viewing, non-systematic viewing 
and full coverage viewing. The systematic viewing training led to a more systematic search 
and the full coverage training to a larger image coverage, but neither resulted in higher 
diagnostic performance compared to the non-systematic viewing group. The full coverage 
group even performed worse than the non-systematic viewing group27. 

discussion

The eye tracking literature of the past twenty years details the relationship between visual 
search characteristics and level of expertise within six main themes: time on task, eye move-
ment characteristics of experts, differences in visual attention, visual search patterns, search 
patterns in cross-sectional stack imaging, and the effect of teaching visual search strategies. 
Studies varied considerably with respect to multiple study characteristics, such as expertise 
levels, type of tasks, eye tracking parameters and performance measures. However, some 
consistent results were found across studies and in general supported the global-focal search 
theory. Experts and high performers consistently need shorter viewing times and fixate on 
abnormalities faster than less experienced readers or low performers. Experts needed up to 
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five seconds to first fixate on subtle abnormalities. From previous non-eye tracking studies 
we know that experts can make correct diagnostic decisions based on much shorter image 
exposures, even in exposures as short as 200 milliseconds4. Such short time spans do not 
allow for searching the image and fixating on abnormalities; rather abnormalities are prob-
ably perceived through taking advantage of their large visual span. Different from most of 
the cases reported in our review, the cases used in the 200-millisecond study of Kundel et al. 
were large or diffuse abnormalities that can be assessed more globally than subtle findings. 

Findings regarding number of fixations and saccade length also supported the global-
focal search theory. The number of fixations decreased with higher expertise levels, probably 
because experts need fewer fixations to collect relevant image information14. This also aligns 
with shorter viewing times needed by experts. Saccade length was found to be generally 
larger in experts than novices, which aligns with an effective global search, because large 
saccades towards a disturbed signal are likely to follow a successful global search7. However, 
experts were found to shorten their saccades in CT scans with grouped enlarged lymph 
nodes that were related to and in the proximity of visceral abnormalities, probably because 
they suspected the enlarged lymph nodes to be in proximity of the detected visceral abnor-
mality and near each other, based on knowledge and experience. This underscores that search 
patterns of experts are driven by knowledge and that they anticipate their search based on 
what they have already found.

Differences in visual attention across levels of expertise revealed that experts tend to focus 
on relevant though not necessarily salient structures, whereas novices tend to look at salient 
structures regardless of their relevance. We found some inconsistent results across studies 
with respect to differences in visual attention to abnormalities, though this may be explained 
by differences in the type of task. Experts spend less time fixating on lesions than novices 
in detection only tasks, probably because they make fast normal – abnormal decisions and 
quickly proceed searching the rest of the image for other findings. When diagnostic reason-
ing is added to the task, experts spend more time on the lesion than novices. Because this 
difference was most pronounced in subtle or non-salient findings, it may be explained by 
novices’ failures to recognize the findings as abnormal hindering them from analyzing its 
features. 

Both quantitative and qualitative analyses yielded evidence for a global-focal search pattern 
that is more prominent in those with higher expertise levels. Quantitative evidence included 
a fast initial fixation on the abnormality by experts due to developed global searches, and 
distance to target measures showing that experts adhere to a two-stage search pattern distin-
guishing searches near and far from the abnormality. Qualitatively, the global-focal search 
pattern was confirmed by experts in retrospective reports and by sequenced eye tracking data 
showing a fast jump towards the abnormality followed by a circumferential scan of the rest 
of the image. In contrast to experts, novices seem to exhibit a predominantly focal search 
pattern. Beyond the global-focal search patterns, a wide variety of other search patterns has 
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been explored in the included studies. Some patterns are potentially relevant for teaching 
purposes, such as the radial search in hand and wrist X-rays, or drilling through chest CT`s. 
These patterns suggest that expert observers have deliberately adopted such strategies to 
accomplish a complete and efficient search. However, this is not confirmed by verbal data 
in the vast majority of studies and the observer’s experience could be tacitly driving the 
search pattern. Therefore, it is doubtful learners’ perceptual performance will improve upon 
incorporating the search strategy of experts if they lack experience and knowledge. 

Some visually dependent specialties, such as radiology, have witnessed huge technological 
developments. Only a minority of the studies investigated visual search in volumetric image 
perception in radiology, possibly because of challenges that are related to eye tracking in 
such imaging44. The large amount of information in volumetric images increases the risk of 
perceptual errors and introduces particular challenges such as abnormalities that can only be 
visualized in certain contrast settings45. Because visual search in cross-sectional image stacks 
requires image manipulation46 and knowledge and skills needed to interpret stacks of images 
differ substantially from 2D image interpretation47, evidence for effective search patterns in 
both visualization modes is not indisputably exchangeable. For example this review shows 
contrary results with respect to image coverage which can be possibly explained by differ-
ences in image modality. In X-ray viewing, experts tended to cover a smaller area of the im-
age than novices did, which can be explained by a larger visual span of experts, but contrary 
results were found in CT scan reading. In the study of Drew et al.29 high performers who 
tended to scroll back and forth through the image while fixating on one area (i.e. drillers) 
showed larger image coverage than lower performers that scanned the complete image slide 
by slide (i.e. scanners). Searching through cross-sectional image datasets in multiple planes 
and contrast settings48 demands a joint effort of the observer’s hands and eyes to visualize 
the image information. When scanning the complete area of one slide before proceeding 
to the next slide, large distances have to be bridged with eye movements which is inef-
ficient and may cause skipping of areas. Drilling through images, fixating on one area and 
scrolling through, requires much fewer eye movements and more systematically addresses all 
areas of the image. Because cross-sectional imaging is increasing and contains much visual 
information48, finding efficient strategies in different types of cross-sectional search tasks is 
gaining importance. A recent study investigated zooming behavior in microscope navigation 
in clinical pathology49. Expertise was characterized by fewer magnifications. This aligns with 
the global-focal search pattern; magnification allows for a more detailed search consistent 
with the focal search-to-find search patterns of novices, versus a more global (zoomed out) 
view of experts.

Only one eye tracking study investigated whether training learners to apply expert vi-
sual search strategies, in this case systematic search, can improve perceptual performance. 
Even though the systematic training had a positive effect on the use of systematic viewing, 
diagnostic performance did not improve. This underscores that we should not assume that 
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teaching expert skills directly to learners is likely to be effective. Much of the evidence in 
this review supports the global-focal search pattern. But should we teach novices to start 
with a proficient global search, followed by a focal search? The efficiency of this approach is 
questionable. The efficient, quick approach of experts is probably driven by hypotheses based 
on knowledge and experience, in which case it would not make sense to instruct a novice 
to look at an abnormality more quickly. It may be more beneficial to teach novices where 
to look in certain clinical circumstances, guided by clinical information or other related 
findings. Another approach to direct learners` attention to specific areas are Eye Movement 
Modelling Examples. These are scan paths of experts that can guide learners` visual attention 
to relevant areas50, 51. Other, more defined search strategies mentioned in this review may be 
relevant to teach to novices, for example drilling though CT scans or radial search in wrist 
X-rays. But even if we can teach students to search accordingly, will this help them perform 
better? Randomized trials comparing these search strategies with each other or with free 
searching are needed to find out which visual search strategies can and should be taught. 

Eye tracking studies in other visual diagnostic professions such as pathology49 and in 
patient observations for diagnosing neurological disorders52, show similar evidence for 
holistic and efficient visual search skills of experts. The holistic search characterized by a fast 
identification of the abnormality and efficient sampling of the rest of the image aligns with 
the rapid hypothesis generation and efficient and limited data gathering seen in expert clini-
cal reasoning, attributed to the efficient data processing of System 1 thinking processes53. 
This is in contrast to the more extensive data gathering in System 2 thinking processes, most 
apparent in novices who sample the entire image with a focal search pattern26, 27, 32, 42. It is 
obvious that novices’ and experts’ search and thinking processes differ, but for both clinical 
reasoning and visual search it is unclear which approach is most effective for novices53, or 
how either approach should be taught.

Some limitations of our study must be reported. Although we did an exhaustive literature 
search, we may not have captured all literature concerning the relationship between visual 
search characteristics and perceptual performance. We only included studies from the last 
twenty years, because technical improvements have had a large influence on image qual-
ity and representation in the last decades48. We also confined our search to radiology, and 
although the results might apply to other visual search tasks, we cannot assure that the 
results are transferable. Finally, we focused on eye tracking studies and did not include, for 
example, think-aloud studies that give more insight on the cognitive aspects of visual search. 
We reduced a large number of titles to a fairly small number of relevant articles, and relevant 
articles could have been missed. To reduce this risk, two raters applied clear, objective criteria 
to exclude articles. Cross referencing did not reveal any missed relevant articles. 

In conclusion, visual diagnosis research of the past 20 years has predominantly focused on 
finding differences between experts and novices, providing clues for improving image percep-
tion. Heterogeneity of tasks and outcome measures complicates data synthesis and drawing 
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conclusions. In addition, hardly any studies looked at how to improve image perception by 
teaching visual search strategies based on these theories. For educational purposes, we should 
shift from describing differences between experts and novices to defining search strategies 
and investigating methods to teach novices to search efficiently. 
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Alzubaidi, M.a 5 3 2 - - - - - - x NS x - chest lesions XR 20 NS NS -

Alzubaidi, M.b 5 3 2 - - - - - - x NS x - chest lesions XR 20 NS NS -

Kok, E.a 30 - 9 10 11 - - - - x x x - chest lesions XR 24 67 S - acc

Kok, E.b - exp.1 20 - 9 10 11 - - - - x - x - chest lesions XR 5 0 NA TN

Kok, E.b - exp.2 75 - - - 75 - - - - x x x - chest lesions XR 22 91 M TP/TN

Diaz 6 - 3 - - - - 3 - x - - - lung nodules sCT NS NS M TP

Donovan, T. 40 - 10 - - 20 - 10 - x x - - lung nodules XR 30 50 S TP/FP acc

Drew, T. 25 - 25 - - - - - - x x - x lung nodules sCT 5 100 S TP/FN

Manning, D. b 21 - 8 - - 5 8 - - x x - x lung nodules XR 120 NS M - AUC

Rubin, G.D. 13 5 2 6 - - - - - x x - - lung nodules sCT 40 100 S TP

Krupinski, E. A. 6 3 - 3 - - - - - x x - - breast cancer XR 20 75 M TP/TN/FP/FN

Kundel, H. L. 9 3 3 3 - - - - - x - x - breast cancer XR 40 50 S TP/FN/FP/TN AUC

Nodine, C. F.a 15 3 - 5 - 2 - 5 - x NS x x breast cancer XR 9 44 NS TP/FP d

Nodine, C. F.b 8 3 3 3 - - - - - x x x - breast cancer XR 40 50 S TP/FP/FN/TN AUC

Voisin, S. 6 2 - 4 - - - - - - - x NS breast masses XR 40 100 NA -

Cooper, L. 28 - 8 10 - - - 10 - x - - - stroke sCT / MR 48 75 M TP/FP

Matsumoto, H. 24 - 12 - - - - - 12 x - x x stroke tCT 6 83 M - AUC

Leong, J. J. H. 25 - 11 14 - - - - - x x - - fractures XR 33 85 NS TP/FN

Wood, G. 30 - 10 10 - - 10 - - x - x - fractures XR 9 67 M - acc

Hu, C. H. 15 3 1 8 3 - - - - x - - x lung nodules/ fractures XR 10 70 S TP/FN/FP

Giovinco, N.A. 16 - 7 - - - - - 9 - - x - bunion XR 25 NS NA -

Bertram, R. 38 - 7 - - 9 - 22 - x x - NS abdominal lesions sCT 9 67 M TP/TN acc

Mallet, S. 65 27 38 - - - - - - x x - x colon polyps CTC 23 100 M TP

SHO = Senior House Officer
XR = X-rays, sCT = stack mode Computed Tomography, tCT = tiled mode Computed Tomography, MR = Mag-
netic Resonance
S = subtle lesions, M = mixed subtle and non-subtle, NA = not applicable, NS = not specified
TP = true positives, TN = true negatives, FP = false positives, FN = false negatives, acc = accuracy, AUC = area under 
the receiver operating characteristic (ROC) curve, d = detectability index
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Nodine, C. F.a 15 3 - 5 - 2 - 5 - x NS x x breast cancer XR 9 44 NS TP/FP d

Nodine, C. F.b 8 3 3 3 - - - - - x x x - breast cancer XR 40 50 S TP/FP/FN/TN AUC

Voisin, S. 6 2 - 4 - - - - - - - x NS breast masses XR 40 100 NA -
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Matsumoto, H. 24 - 12 - - - - - 12 x - x x stroke tCT 6 83 M - AUC

Leong, J. J. H. 25 - 11 14 - - - - - x x - - fractures XR 33 85 NS TP/FN

Wood, G. 30 - 10 10 - - 10 - - x - x - fractures XR 9 67 M - acc
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Bertram, R. 38 - 7 - - 9 - 22 - x x - NS abdominal lesions sCT 9 67 M TP/TN acc

Mallet, S. 65 27 38 - - - - - - x x - x colon polyps CTC 23 100 M TP

SHO = Senior House Officer
XR = X-rays, sCT = stack mode Computed Tomography, tCT = tiled mode Computed Tomography, MR = Mag-
netic Resonance
S = subtle lesions, M = mixed subtle and non-subtle, NA = not applicable, NS = not specified
TP = true positives, TN = true negatives, FP = false positives, FN = false negatives, acc = accuracy, AUC = area under 
the receiver operating characteristic (ROC) curve, d = detectability index
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ABstrAct

objective Radiology expertise is dependent on the use of efficient search strategies. The aim 
of this study is to investigate the effect of teaching search strategies on trainee’s accuracy in 
detecting lung nodules at CT. 

Methods Two search strategies, ‘scanning’ and ‘drilling’, were tested with a randomized 
crossover design. Nineteen junior radiology residents were randomized into two groups. 
Both groups first completed a baseline lung nodule detection test allowing a free search 
strategy, followed by a test after scanning instruction and drilling instruction or vice versa. 
True and false positive scores and scroll behavior were registered. A mixed design ANOVA 
was applied to compare the three search conditions. 

results Search strategy instruction had a significant effect on scroll behavior, F(1.3)=54.2, 
p<0.001, TP score, F(2)=16.1, p<0.001, and FP score, F(1.3)=15.3, p<0.001. Scanning 
instruction resulted in significantly lower TP scores than drilling instruction (M10.7, SD5.0 
versus M16.3, SD5.3); t(18)=4.78, p<0.001 or free search (M15.3, SD4.6); t(18)=4.44, 
p<0.001. TP scores for drilling did not significantly differ from free search. FP scores 
for drilling (M7.3, SD5.6) were significantly lower than for free search (M12.5, SD7.8); 
t(18)=4.86, p<0.001. 

conclusion Teaching a drilling strategy is preferable to teaching a scanning strategy for 
finding lung nodules.
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introduction

Perceptual errors account for a substantial part of misdiagnoses in radiology1 and can be 
related to the search behavior of the observer2. For educational purposes, it is important to 
identify which visual search patterns are most effective and to investigate if teaching search 
strategies improves perception. 

Visual search characteristics that are related to expertise and high performance have been 
identified in various radiology perception tasks3. For example experts tend to fixate on ab-
normalities faster4-6 and need less time and a smaller number of eye fixations to inspect the 
image7, 8. These characteristics derive from experience, and they lack an underlying structure 
that can be taught to novices. 

Some specific visual search patterns are found to be related to high performance9-12. Most pat-
terns apply to visual search in X-rays, such as chest X-rays or mammography. Two visual search 
types are distinguished for searching chest CT images: “scanners” and “drillers”12: Scanners tend 
to visually search a single slice, before scrolling further through the stack, whereas drillers focus 
their eyes on one quadrant of the lung fields and quickly scroll through the stack in depth before 
moving to another quadrant. Drillers outperformed scanners with respect to higher true positive 
rates and a larger lung coverage12. One interesting finding was that, when given the option to 
search freely, more experienced readers tend to select “drilling” as a search pattern (the more ef-
fective pattern), suggesting it might be a pattern that has, consciously or unconsciously, evolved 
through instruction or practice. The relationship between search patterns and experience has 
been noted in several other studies9-12, although it is unknown if experts unconsciously adopt 
these patterns or deliberately chose or had acquired one, as a strategy. 

Teaching junior trainees to use expert search strategies may not necessarily be effective. 
First, learning the strategy may not be easy, particularly given that most experts acquire their 
behaviors after years of practice. Second, the improvement in perceptual performance that 
comes with experience is probably due to multiple factors. Knowledge gained and feedback 
received are known to be critical factors in developing visual expertise13-16. Therefore, it is not 
evident that learners’ perceptual performance will improve simply by using the search strate-
gies of experts. However, some perceptual tasks, such as finding lung nodules on chest CT 
scans, do not depend on a large knowledge base, and therefore teaching a search strategy may 
improve detection. Experimental studies may be beneficial to determine if search patterns 
can be taught to junior observers, and if this can improve perceptual performance. 

The aim of this research study is twofold: 1) to investigate if drilling and scanning search 
strategies can be taught to junior radiology trainees, and 2) to compare the effect of teaching 
each search strategy on trainee’s perception accuracy of lung nodule detection. We hypoth-
esized that junior radiology trainees could adopt a new search strategy after instruction 
and that the use of a drilling strategy would improve the trainees’ perceptual performance 
compared to a scanning strategy.
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MEthods

design
An experimental study was conducted to compare the eff ect of two teaching methods on 
perceptual performance. A randomized cross over design was chosen to adjust for individual 
variation in performance, diff erences in search strategies prior to any search strategy instruc-
tion, and possible diff erences in search behavior due to the sequence of the search strategy 
instructions. Th e design is illustrated in Figure 1. 

study population and procedure
Over a 3-month period, nineteen (70%) fi rst and second-year radiology trainees of a US 
academic medical center’s radiology residency program enrolled in the study. Participants 
were randomly divided into two groups: both groups fi rst watched an instructional video 
that provided lung nodule defi nitions. For the purpose of the study, a pulmonary nodule was 
defi ned as a solid opacity with a diameter greater than or equal to 3.0 mm. Ground glass or 
calcifi ed nodules were not included. Th e instructional video showed examples of true nodules 
and also addressed other pulmonary abnormalities that were not considered nodules, such 
as consolidations, linear densities, pleural irregularities and apical scarring, all illustrated by 
examples. Study participants then completed a pretest using free search (Test 1). 

After the free search test (Test 1), group A started with the drilling instruction video, fol-
lowed by Test 2, the scanning instruction video, and Test 3. Group B received the scanning 
and drilling instruction in opposite order. Th e drilling instructions explained the drilling 
search strategy: mentally dividing each lung into three regions (anterior, middle and poste-
rior) and scrolling through each region individually, while keeping the eyes fi xated in that 
region. Th e scanning instruction explained the scanning search strategy: reviewing all visible 
lung parenchyma at once (both sides), while slowly scrolling down, image by image.

In all three tests, participants were asked to mark as many true pulmonary nodules as 
possible, while avoiding marking any foci not meeting the study’s defi nition of a true nodule. 
Th ere was a time limit of four minutes per case. 

Th e digital assessment program VQuest (www.vquest.eu) was used for the viewing and 
marking of lung nodules. Th is program is designed to deliver tests containing volumetric 
images, and allows for registering all scroll movements and mouse clicks. During the tests, 
participants could scroll through the stack of images, zoom in or out, adjust contrast set-

TEST 1 Drilling 
instruction TEST 2 Scanning 

instruction TEST 3GROUP A

TEST 1 Scanning 
instruction TEST 2 Drilling 

instruction TEST 3GROUP B

Instruction 
video

Instruction 
video

figure 1. Study design
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tings and measure findings. All stacks were viewed in axial plane. To select a lung nodule, 
participants were instructed to place a marker by clicking in the center of the nodule.

tests
Test 1, 2 and 3 were unique tests, each containing seven volumetric pulmonary CT-scans. 
In total, each test consisted of 31 true nodules spread out over the seven CT scans. Nod-
ules were 3 to 6 mm, with an average of 4 mm. The scans were retrieved from the Picture 
Archiving and Communication System (PACS) of the institution and were reviewed by 
two experienced radiologists (10 and 5 years of experience). Disagreement was resolved in 
consensus format. The selected chest CT-scans had on average 349 slices, and slice thickness 
was 1.25 mm in all cases. The tests were made as equivalent as possible, by means of a test 
blue print (Table 1). Each test was similar with regards to total number of nodules, the size 
of the nodules, the distribution of cases with fewer and more nodules, and the distribution 
of easy versus difficult cases. Nodules attached to vessels, bronchi, mediastinal structures or 
diaphragm were considered difficult, all other locations were considered easy.

questionnaire
Participants completed a short questionnaire to evaluate the study set up and to determine 
how participants searched for nodules in the case of free search and how they perceived 
the two instructed search strategies. Response formats were: a five-point Likert scale (5 = 
strongly agree, 4 = agree, 3 = undecided, 2 = disagree, 1 = strongly disagree), dichotomous 
(yes or no) or open. The survey questions are listed in the appendix.

Analysis
Reliability of the true positive scores was estimated with Cronbach`s alpha, using the true 
nodules as items. Average p-values of the items were calculated to estimate test difficulty. 

Two main outcomes were measured, related to the two research questions: (i) Scroll 
behavior and (ii) perceptual performance.

(i) Scroll behavior: for each case the number of runs was determined. A run is defined by 
Venjakob et al. as a scroll movement in one direction that covers at least 50% of the total 
scan length, ignoring interruptions by any smaller scroll movements in the other direction17. 

table 1. Tests blue prints with number, size and location of nodules

number per case size location*

0-2 3-6 >6 3-4 mm 5-6 mm Average size (mm) Easy Difficult

Test 1 2 3 2 23 8 4.0 25 6

Test 2 2 3 2 23 8 4.1 25 6

Test 3 2 3 2 23 8 4.0 25 6

* Difficult: attached to vessels, bronchi, mediastinal structures or diaphragm; Easy: anywhere else
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Figure 2 presents an example of a scroll pattern with five runs, despite some interrupting 
smaller movements. The total scrolling time was also calculated for each case. 

(ii) Perceptual performance: the average numbers of true and false positives of Test 1, 2 
and 3 were calculated for both groups. We were primarily interested in differences in true 
positives. False positive numbers were also measured, given an increase in true positives is 
sometimes achieved at the cost of an increase in false positives.

For both outcome measures, a mixed design ANOVA was used for the statistical analy-
sis. The instructed search strategy (no scroll instruction, drilling instruction or scanning 
instruction) was the within-subject factor. Between subject factors were study group (A or 
B) and year of training (first or second year of residency). Paired T-tests were used for post 
hoc testing in normally distributed data and Wilcoxon signed-rank tests in non-normal 
distributed data.

irB Approval
The study was approved by the Institutional Review Board of the institution. Participation 
was voluntary and all participants gave written informed consent. This study did not involve 
protected health information.

rEsults

participants
After randomization, nine participants were assigned to group A and ten to group B, of 
which four in each group were second-year residents. 
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test performance
Reliabilities of the tests were acceptable: Cronbach`s α was .74, .82, and .84 for Test 1, 2 and 
3 respectively. Average p-values were: .49, .39 and .48 respectively. 

scroll Behavior
The median number of runs and median scrolling time for each search strategy are provided 
in Table 2. 

There was no significant effect of study group or year of residency on the number of 
runs or time. There was a significant within-subjects effect of search strategy on number of 
runs, F (1.3) = 54.2, p < 0.001, and on time, F (2) = 10.5, p < 0.001, indicating that the 
instructed search strategy significantly affected the amount of drilling and the time required 
to complete the task. There were no significant interaction effects for both outcomes (Table 
3). 

table 2. Scroll behavior and perceptual performance measures per search strategy condition

free search With drilling 
instruction

With scanning 
instruction

Scroll behavior

Number of runs per case, Mdn (IQR) 10 (4) 10 (4) 2 (3)

Scrolling time per case in seconds, Mdn (IQR) 219.6 (35.9) 208.0 (39.3) 167.0 (96.6)

Perceptual performance

True Positives, M (SD) 15.3 (4.6) 16.3 (5.3) 10.7 (5.0)

False Positives, M (SD) 12.5 (7.8) 7.3 (5.6) 5.6 (4.8)

M = mean, SD = Standard Deviation, Mdn = Median, IQR = Interquartile Range

table 3. Mixed design ANOVA for scroll behavior outcomes 

number of runs time

F p F p

Between subjects

year of residency 1.0 0.33 0.4 0.55

study group 3.5 0.08 0.7 0.41

Within subjects

search strategy 54.2 <0.001 10.5 <0.001

search strategy * year of residency 0.1 0.88 0.7 0.49

search strategy * study group 28.3 0.74 0.9 0.43

search strategy * year of residency * study group 0.4 0.37 1.8 0.18

study group: intervention group A or B, search strategy: free search, drilling instruction or scanning instruction, 
year of residency: first or second year
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The number of runs was significantly lower after participants were instructed to scan 
(Mdn 2, IQR 3), than after drilling instruction (Mdn 10, IQR 4), z = -3.8, p < 0.0, or when 
allowed to search as desired (Mdn 10, IQR 4), z = -3.8, p < 0.001. The participants’ free 
search and drilling instructed search had similar amounts of drilling.

The scanning search required significantly less time compared to the free search (Mdn 
167.0, IQR 96.6 versus Mdn 219.6, IQR 35.9), z = -3.6, p < 0.001, although the drilling 
search (Mdn 208.0, IQR 39.3) was not found to be significantly different from scanning, z 
= -1.4, p = 0.147, or free search, z = -1.9, p = 0.053. 

perceptual performance
The mean number of true positives and false positives for each search strategy condition are 
given in Table 2. There was a significant effect of year of residency on the true positive score, 
F (1) = 9.0, p < 0.01, although no significant effect on the false positive score (Table 4). 

Within-subject analysis shows a significant effect of instructed search strategy on the num-
ber of true positives, F (2) = 16.1, p <0.001, and false positives, F (1.3) = 15.3, p <0.001. 
Search strategy accounted for 51.8% of the variability in the number of true positives and 
50.1 % of the variability in false positives. There were no significant interaction effects with 
the two between-subject factors, study group and year of residency, for both performance 
outcomes.

Pair-wise analysis showed that drilling (M 16.3, SD 5.3) and free search (M 15.3, SD 
4.6) both resulted in significantly higher true positive scores than scanning (M 10.7, SD 
5.0); t(18)=4.78, p <0.001 and t(18)=4.44, p<0.001 respectively. True positive scores of free 
search and drilling did not significantly differ.

For the false positive scores, post hoc analysis revealed that free search (M 12.5, SD 7.8) 
resulted in significantly higher FP rates than drilling (M 7.3, SD 5.6); t(18)=4.86, p <0.001, 
and scanning (M 5.6, SD 4.8); t(18)=4.44, p <0.001. 

table 4. Mixed design ANOVA for perceptual performance outcomes

tp fp

F p F p

Between subjects

year of residency 9.0 <0.01 1.4 0.26

study group .12 .74 .04 .85

Within subjects

search strategy 16.1 <0.001 15.3 <0.001

search strategy * year of residency 1.5 0.85 0.3 0.66

search strategy * study group 28.3 0.07 0.9 0.84

search strategy * year of residency * study group 0.4 0.96 0.9 0.38
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questionnaire
The vast majority of participants (89%) agreed or totally agreed that reviewing chest CT 
scans in this research study using VQuest was substantially similar to clinical practice. Both 
instructional videos were found to provide sufficient instruction on using the search strate-
gies by 95% of the participants.

After completing the free search test, all participants reported that they were aware of their 
search strategy when reading chest CT scans. Seventeen participants specified their search 
strategy and all were variants of drilling: 53% reported dividing the lungs into two, three or 
four regions and searched each region individually, the remainder searched lobe by lobe. In 
addition, seven participants (37%) built in an extra check of the edges of the lungs at the 
pleura, fissures, mediastinum and hilar structures.

The drilling search strategy was not new for most participants, 74% had heard about it, 
whereas only 11% was familiar with the scanning search strategy. Participants felt drilling 
led to a higher detection rate than scanning (M 3.7 vs. 1.8, z = 3.8, p < 0.001), and found 
drilling to be more time efficient (M 4.2 vs. 1.8, z = 3.6, p < 0.001), and easier to use 
continuously (M 4.3 vs. 1.9, z = 3.9, p < 0.001). Of all participants, 58% planned to use 
drilling as their new search strategy, which reportedly was different or somewhat different 
from the strategy they used before the study. The remainder preferred to keep using their 
own search strategy. 

discussion

Search strategy instruction had a significant effect on both scroll behavior and perceptual 
performance. The scanning instruction decreased the number of long scroll movements and 
scrolling time. The drilling instruction did not alter scroll behavior significantly. However, 
the majority of participants reported already using some kind of drilling strategy at their 
free search. Perceptual performance following drilling search instructions outperformed 
performance following scanning search instructions in terms of true positives. Compared to 
a free search, the use of a drilling search strategy did not result in more true positive findings. 
The study confirms our hypothesis that drilling outperforms scanning for detecting lung 
nodules, although drilling did not improve the baseline performance, probably explained by 
an a priori search strategy similar to drilling. 

The benefit after drilling instruction may have been caused by initial habits of drilling and 
not by the instruction. Still, there was an improvement after instruction: it did reduce the 
number of false positive findings, on top of an initial habit of a more productive drilling 
strategy at baseline. This improvement did not coincide with a decline in true positive rate, 
while the scanning instruction reduced the false positive rate at the cost of true positives.
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The decline in false positive findings after instruction was an unexpected result, as the 
strategies were anticipated to improve actual detection rather than avoiding overcalls of 
non-nodule structures. The search strategy instruction may have induced a more focused 
attention and kept participants from being distracted by non-nodule structures. Another 
explanation may be that participants were more vigilant to mark any possible abnormality 
they found at the first test and became less attentive and less willing to spend extra time as 
the experiment proceeded, resulting in a drop of false positives in the second and third test. 
False positive findings have been associated with an increase in reading time, as previously 
found in breast cancer detection18.

None of the participants reported the use of scanning in their free search, nor did anyone 
show a scroll pattern that indicated scanning behavior. This differs from the study of Drew 
et al., reporting both ‘scanners’ and ‘drillers’ among radiologists in a lung nodule detection 
task, although scanners were in the minority12. Interestingly, in that study the scanners were 
less experienced readers than the drillers, which would raise the expectation of finding even 
more scanners among the junior residents in our study. Possibly the use of thin-section scans 
intrinsically evokes a drilling search, as scanning simply takes too much time. Another way 
to deal with large numbers of thin slices is the use of Maximum Intensity Projections (MIP), 
which have been shown to improve lung nodule detection accuracy19. 

Our study has several limitations. First, the sample size of nineteen participants is relatively 
small. However, each participant was asked to review multiple scans with multiple nodules, 
and indeed the study was powered to detect a difference as evidenced by our results. We do 
not expect that the main results would substantially change with a larger sample size although 
subtle differences might have emerged in comparisons that were not statistically significantly 
different. Second, although we tried to equalize difficulty across the three tests by means of a 
test blue print, test 2 proved to be more difficult than the other two tests. The nonsignificant 
effect of the search strategy and study group interaction is probably due to this inequality in 
test difficulty that may have diminished the degree to which a participant could profit from 
the search strategy that was applied in the second test. This did not jeopardize our scanning 
versus drilling comparison, because the scanning and the drilling conditions were equally 
affected. However, it may have caused an underestimation of the effect of instruction on 
perceptual performance. Third, our study was specifically targeted to the detection of lung 
nodules (selected for a number of reasons); this means that we cannot generalize the results 
to other detection tasks. Finally, we only used scroll behavior and self-reports to estimate 
participants` search strategies, and did not apply eye tracking to further characterize visual 
attention. A higher drilling fraction does indicate more drilling, although we cannot further 
specify how participants divided the lung into regions and in which order.

Future research can be directed toward comparing scanning and drilling search strate-
gies in other detection tasks, and also to exploring which type of drilling strategy would be 
optimal. For example, it would be helpful to compare drilling strategies dividing the lung 
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into different numbers of regions, or to investigate if building in checks of the lung edges is 
beneficial.

Search strategy instruction can influence scroll behavior and perceptual performance of 
junior radiology residents completing a lung nodule detection task. In junior trainees, a 
drilling strategy yields a better perceptual performance than a scanning strategy. Teaching a 
scanning strategy further decreases the perceptual performance of junior radiology residents 
below their baseline performance. Teaching a drilling strategy for detecting lung nodules in 
chest CT scans is therefore preferable.
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Appendix 1. List of survey questions with response formats

After Test 1

1)  When I am reading chest CT scans, I am aware of the search strategy that I use. (strongly agree/agree/undecided/
disagree/strongly disagree) 

If you indicated agree or strongly agree, please describe your search strategy: 

2)  Do you know any (other) search strategies that can be used to read scans or X-rays? (yes/no) 

If yes, please list: 

After both Test 2 and 3 

1)  Did you hear about this search strategy before it was described as part of this study? (yes/no) 

2)  The instructional video provided as part of this study provided sufficient instruction on using this search strategy. 
(strongly agree/agree/undecided/disagree/strongly disagree) 

3)  I found this search strategy to be easy to use continuously on a group of chest CT cases. (strongly agree/agree/
undecided/disagree/strongly disagree) 

4)  I found this search strategy to be a time efficient way to look for pulmonary nodules. (strongly agree/agree/
undecided/disagree/strongly disagree) 

5)  I found this search strategy leads to a high rate of detection of pulmonary nodules. (strongly agree/agree/undecided/
disagree/strongly disagree) 

After completion of all tests 

1)  In clinical practice I plan to use: (drilling/scanning/undecided/other) 

If other, specify: 

2)  Does the strategy you plan to use differ from the strategy you were using before this study? (exactly the same/
somewhat similar/different/not sure) 

3)  I found reviewing chest CT scans for pulmonary nodules in this research study was substantially similar to the 
clinical practice of reviewing chest CT scans for pulmonary nodules (i.e. Similar computer interface, similar reading 
environment etc.). (strongly agree/agree/undecided/disagree/strongly disagree) 

If not, why not? 
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ABstrAct

introduction Misinterpretation of medical images is an important source of diagnostic er-
ror. Errors can occur in different phases of the diagnostic process. Insight in the error types 
made by learners is crucial for training and giving effective feedback. Most diagnostic skill 
tests however penalize diagnostic mistakes without an eye for the diagnostic process and 
the type of error. A radiology test with stepwise reasoning questions was used to distinguish 
error types in the visual diagnostic process. We evaluated the additional value of a stepwise 
question-format, in comparison with only diagnostic questions in radiology tests.

Methods Medical students in a radiology elective (n = 109) took a radiology test includ-
ing 11 to 13 cases in stepwise question-format: marking an abnormality, describing the 
abnormality and giving a diagnosis. Errors were coded by two independent researchers as 
perception, analysis, diagnosis, or undefined. Erroneous cases were further evaluated for the 
presence of latent errors or partial knowledge. Inter-rater reliabilities and percentages of cases 
with latent errors and partial knowledge were calculated.

results The stepwise question-format procedure applied to 1351 cases completed by 109 
medical students revealed 828 errors. Mean inter-rater reliability of error type coding was 
Cohen’s κ = .79. Six-hundred-fifty errors (79%) could be coded as a perception, analysis 
or diagnosis error. The stepwise question-format revealed latent errors in 9% and partial 
knowledge in 18% of cases.

conclusion A stepwise question-format can reliably distinguish error types in the visual 
diagnostic process, and reveals latent errors and partial knowledge.
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introduction

Due to increased use of diagnostic imaging1, 2 and improved accessibility of medical images 
throughout the hospital, many medical doctors now interpret radiology images on a daily 
basis. Radiological image interpretation is a complex skill, requiring application and integra-
tion of different sorts of knowledge and skills3, and substantial training and experience to 
develop4-6. Many medical doctors start their careers in the emergency room or on ward, 
interpreting radiology images of critically ill patients, while their experience is generally 
limited. Diagnostic errors can have significant consequences in this acute context7,8. A major 
part is due to incorrect image interpretation skill of junior doctors8-11. Appropriate radiol-
ogy training and assessment is imperative to improve radiological image interpretation of 
learners.

Three main components of radiological image interpretation can be distinguished: percep-
tion (detection of a lesion), analysis (characterization of a lesion) and synthesis or diagnosis 
(synthesizing all information into a conclusion or diagnosis)3. Specific knowledge and skills 
are important in each component3. For example, accurate perception requires efficient search 
strategies12-14, and for correct analysis the ability to characterize findings of abnormalities is 
essential3. Image interpretation errors can occur in all three components and may be caused 
by different knowledge and skill gaps related to this component15-17. Insight into the nature 
of errors made by students may help to improve training. Research into diagnostic errors, 
however, mostly involves eye tracking studies with a focus on perception errors12, 18-20. Little 
is known about errors beyond perception, like analyzing features of the abnormality and 
generating a differential diagnosis3.

Radiology performance tests that are able to trace incorrect image interpretation back to 
one of the components could be useful to direct feedback, tailor training and stimulate a spe-
cific learning process21. Radiology tests asking trainees to interpret an image by only asking 
for a diagnosis might leave perception or analysis errors unattended (latent error). Collateral 
information or knowledge, such as clinical information or prevalence of the disease, may 
lead to the correct answer. On the other hand, when the diagnosis is incorrect, perception 
and analysis might still be correct (partial knowledge).

In this study we evaluated the value of a stepwise reasoning question format in image 
interpretation assessment. Clinical cases were provided followed by questions regarding 
perception, analysis and diagnostic skills3 in a stepwise format. Hypothetically, a set of 
questions in a stepwise format could be able to unravel the process and provide meaning-
ful performance information such as partial knowledge, latent errors or insights in specific 
component error types.

Our research questions are 1) Can errors during one of the components of image inter-
pretation (perception, analysis, synthesis) reliably be identified using the stepwise question-
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format in a radiology performance test? 2) Does the stepwise question approach provide 
additional performance information compared to single diagnostic questions?

MEthods

study design
We developed a radiology test with stepwise questions, assessing perception, analysis and 
synthesis skills in image interpretation. The test was administered to one hundred-twelve 
medical students in a radiology elective at the University Medical Center Utrecht in The 
Netherlands from March 2012 to February 2014. The reliability of the stepwise question 
approach for identifying component errors was estimated with an interrater comparison of 
scores by two raters. Additional performance information of the stepwise question-format 
was evaluated by comparing answers on the stepwise questions with the single diagnostic 
question. The study was approved by the Ethical Review Board of the Netherlands Associa-
tion of Medical Education (NVMO) and all participants gave informed consent.

participants
One hundred-twelve medical students took a digital radiology test as a mandatory exam 
following their radiology clerkship. One hundred-nine of them gave informed consent to 
analyze their test results and were included in the study. Participants were all fourth to sixth-
year medical students. All participants had followed an intensive longitudinal radiology 
course on radiology anatomy and basic radiology knowledge and image interpretation skill 
on prevalent illnesses as a mandatory part of the undergraduate program. Further, they fol-
lowed a six-week radiology elective clinical rotation on knowledge and image interpretation 
skill of acute and sub-acute diseases in the subareas musculoskeletal, abdominal, chest, and 
neuroradiology. In addition to the clinical rotation they attended three case-based lessons 
addressing the radiology subareas.

instruments
Radiology Test
A panel of five radiology education experts created a question bank with image-based cases. 
Images of acute and subacute diseases were collected and test questions were constructed 
in the stepwise question-format. The panel also constructed an answer sheet in consensus. 
A case included one clinical scenario with concomitant imaging and was composed of 
multiple questions testing perceptual, analytical and diagnostic skills, or knowledge related 
to the pathology visible on the image (see for an example figure 1). To assess perception 
participants were asked to mark the abnormality in the image. Analytical and diagnostic 
skills were assessed by questions in multiple choice or long menu format. A case did not 



101

always include all three components. For some obvious abnormalities, for example a large 
brain hemorrhage, it was not asked to mark them first. The distribution of the component 
questions among all completed cases was 40% perception, 22% analysis and 37% diagnosis.

Three versions were composed based on a test matrix: 1A, 2A and 3A. Each test contained 
eleven to thirteen cases in stepwise question-format, including five volumetric CT image 
cases, five 2D CT image cases and three X-ray image cases, except for test 1A , that contained 
only one x-ray case in the stepwise question-format. All images were abnormal. Each CT 
image case was constructed in a volumetric (complete CT-scan with stack viewing) and a 2D 
format (presenting only selected CT-slices). Of each test, a parallel version was constructed 
in which all volumetric questions of version A were in 2D format and vice versa: version 
1B, 2B and 3B. A scoring model was developed by the expert panel before the first test was 
administered. The different versions 1A, 2A and 3A were pilot tested by four, one and two 
medical students respectively and, if necessary, test questions were rephrased and the scoring 
model was adjusted.

The tests were administered with VQuest, a digital testing program that allows for radiol-
ogy image viewing and manipulation, including stack viewing of volumetric CT images in a 
way that is representative of clinical practice22, 23. Participants were allowed to change image 
contrast and scroll through volumetric images in three viewing directions.

Coding Scheme
1. Error types: all errors were coded as related to one of the three components of image 

interpretation, perception, analysis, and synthesis. If an error could not be identified as 
a component error it was coded as undefined.

2. Additional performance information: at case level we compared the answers on the 
stepwise question-format questions with the answer on the final diagnostic question 
(the single diagnostic question, figure 1, sub question c) and classified if the stepwise 
questions provided additional performance information compared to the final diagnos-
tic question alone. Additional performance information was considered to be present 
when the performance information could only be derived from the answers given on 
the stepwise questions, and could not be derived from the answers given on the final 
diagnostic question alone. Each case including at least one error was classified into 
three categories: 1) Cases with latent errors, being cases in which the student gave 
the correct diagnosis, while there was either a perception error or analysis error. 2) 
Cases in which partial knowledge could be valued due to the stepwise question-format. 
For example, a student marked the correct abnormality, but failed to give the correct 
diagnosis. 3) Cases in which the stepwise question approach did not reveal latent errors 
or partial knowledge.
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procedure 
The radiology tests were administered in groups of one to seven students. Answers of all par-
ticipants (on question level) were scored by two researchers (A.G. and C.R., both radiology 
residents at the time of the study) and discrepancies were solved after reaching consensus. 
More than one error could be identified within a case. However, if the perception question was 
incorrectly answered, all other related analytical and diagnostic questions were not marked as 
separate errors. All identified errors were independently coded and categorized by two research-
ers (A.G and C.R.). Inter-rater agreement was calculated (with Cohen’s κ) per test version after 
coding all responses. Discrepancies were discussed by the raters until consensus was reached.

data Analysis
Inter-rater agreement for coding errors by two raters was calculated by Cohen`s κ per test 
version to estimate the reliability of error identification.

The percentage of cases with latent errors and partial knowledge were calculated (see 
Figure 3).

rEsults

Baseline characteristics
In total 16 to 21 students participated per test version which consisted of eleven to thirteen 
cases. Estimated reliabilities of the tests ranged from low to sufficient on case level (Cron-
bach’s alpha .28 - .69), and from weak to good (Cronbach’s alpha .57 to .84) on question 
level. One hundred-nine participants completed in total 1351 cases. In 715 completed cases 
no errors were identified. In the remaining 636 cases 828 errors were found. The average 
number of errors per case was 0.6 (SD 0.7). The median test score on the stepwise questions 
was 77.8% with an interquartile range of 15.4%.

inter-rater Agreement 
Cohen`s κ for classification of error types and additional performance information are given 
in Table 1.

table 1. Inter-rater agreement for coding error types and additional performance information by two raters, esti-
mated by Cohen`s κ per test version

Error types Additional performance information

Version A Version B Version A Version B

Test 1 0.73 0.86 0.66 0.81

Test 2 0.77 0.88 0.84 0.95

Test 3 0.68 0.90 0.63 0.81
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Error types
In total 651 errors could be identified as a component error (79%). The remaining 21% 
was left undefined. The distribution of the component errors was 38%-20%-41% and is 
comparable with the distribution of the questions per component in the test.

Additional performance information 
In 27% of the cases (367 of 1351 cases) the stepwise question-format revealed latent errors 
or partial knowledge, that could not be derived from the final diagnostic question alone. 
In 18% of the cases (243 cases) participants were evaluated as being a more competent 
interpreter based on the stepwise approach, because the stepwise questions revealed partial 
knowledge, even though they provided a wrong diagnosis. For example, a participant gave an 
incorrect diagnosis (a Jones fracture instead of a tear drop fracture), but correctly indicated 
and analyzed the lesion, as shown by the answers to the preceding questions (see figure 2b). 
In 9% of the cases (125 cases) the diagnosis was correct, but the stepwise questions showed 
an error in either perception (60 cases) or analysis (65 cases) of the abnormality, signifying a 
latent error. For example, a participant gave the correct diagnosis Crohn disease, but failed 
to correctly mark the abnormal bowel loop (see figure 2a). Another participant correctly 
diagnosed a patient with pneumonia, however did not mark the pneumonia, but indicated 
normal lung tissue as abnormal. The case text “dyspnea and fever” and the participant’s 
knowledge about symptoms of pneumonia possibly resulted in the correct answer. These 
participants’ image interpretation performances were valued as being lower, due to the latent 
errors revealed by the stepwise question-format. As shown in figure 3 in 20% of the cases 
(268 cases) the stepwise question-format revealed no partial knowledge or latent errors.

discussion

The stepwise question-format reliably distinguished errors related to the image interpreta-
tion process of medical students in a radiology elective. Almost 80% of the errors could be 
related to an error in one of the components of image interpretation.

 

52.9% 

19.8% 

9.3% 

18.0% 

Cases without error

Cases with error, no
additional performance
information
Cases with latent error

Cases with partial
knowledge

figure 3. Percentage of cases with 
additional performance information 
derived from the stepwise question-
format
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The percentages of error types should be interpreted with caution and should not be 
interpreted as actual prevalence of errors, because they are partly test-driven due to variation 
in the stepwise questions. The distribution of the different component errors (39%-20%-
41%) was similar to the distribution of the stepwise questions on perception, analysis, and 
diagnosis (40%-22%-38%), so all errors seemed to occur almost with equal frequency in 
proportion to the questions that provoke the errors. However, this result cannot be com-
pared with the relatively high proportion of perceptual errors in clinical practice reported in 
the literature15, 17, because the current test only included abnormal cases. Therefore students 
were biased in the sense that they knew that an abnormality was present, which differs from 
clinical practice in which many cases are normal.

In more than a quarter of all cases the stepwise question-format revealed additional 
performance information of the learner that could not be derived from the final diagnostic 
question alone. In almost two-thirds of these cases partial knowledge was uncovered, while 
in one-third of the cases flaws in perception or analysis appeared which would have stayed 
unnoticed if only a diagnosis was asked.

These results indicate that the stepwise question-format provides the teacher with ad-
ditional performance information compared to only diagnostic questions formats, because 
this method can reliably identify in which component of the image interpretation process 
the student succeeded or failed. Stepwise questions give a more detailed and probably more 
accurate representation of the performance of students and uncover latent errors in the im-
age interpretation process.

The additional information can be useful for both teachers and students. Teachers will get 
more insight into the errors of students and their actual performance level which may be 
used to inform individual feedback to learners. Students may use the information to detect 
their own strengths and weaknesses, and to monitor their development in specific image 
interpretation skills.

Some limitations of the study should be addressed. Image interpretation is a complex 
process and the distinction between error types is rather artificial. Perception, analysis and 
synthesis processes are highly interrelated and constantly alternate within the image interpre-
tation process24. The stepwise question approach directed the diagnostic reasoning process 
into a stepwise reasoning process, broken down into three components, and therefore al-
lowed for distinguishing three components of the image interpretation process. Breaking 
down errors in these three components should only be recognized as one of many ways of 
specifying errors in diagnostic radiology for an improved understanding of decision-making.

A drawback of the stepwise question method is the increased time needed to complete 
the tests. Single questions would allow for a larger number of cases in the same testing 
time, which could increase reliability. The reliability of the current test ranged from low to 
sufficient on case level, probably because of the low number of cases (11 -13) in each test 
version. It is important to take the purpose of the test into account, when deciding for either 
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the stepwise question-format or only diagnostic questions. The information revealed by the 
stepwise question-format approach can be valuable for feedback in formative testing, while a 
large number of questions can be necessary to increase reliability in summative tests.

In this study, we only applied the stepwise question method to medical students and we 
cannot generalize our results to other levels of expertise. For example, the error rate and 
distribution of error types are probably different due to other knowledge and experience 
levels. Testing the method in residents or radiologists is subject to further research.

We conclude that the stepwise question approach succeeded in identifying specific error 
types in the image interpretation process. Besides, it revealed partial knowledge and latent 
errors. Both can be used to tailor image interpretation training. Specifying error types may 
be advantageous for giving effective feedback, because a specific task evaluation is one of the 
characteristics of high-quality feedback25, 26.
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ABstrAct

objective Clinical reasoning in diagnostic imaging professions is a complex skill that 
requires processing of visual information and image manipulation skills. We developed a 
digital simulation-based test method to increase the authenticity of image interpretation 
skill assessment.

Methods A digital application, allowing volumetric image viewing and manipulation, was 
used for three test administrations of the national Dutch Radiology Progress Test (DRPT) for 
residents. This study describes the implementation and development process in three phases. 
To assess the authenticity of the digital tests, perceived image quality and correspondence to 
clinical practice was evaluated and compared with previous paper-based tests. Quantitative 
and qualitative evaluation results were used to improve subsequent tests.

results The authenticity of the first digital test was not rated higher than the paper-based 
tests. Test characteristics and environmental conditions, such as image manipulation options 
and ambient lighting, were optimized based on participants’ comments. After adjustments 
in the third digital test, participants favored the image quality and clinical correspondence 
of the digital image questions over paper-based image questions.

conclusion Digital simulations can increase authenticity of diagnostic radiology assess-
ments compared to paper-based testing. However, authenticity does not necessarily increase 
with higher fidelity. It can be challenging to simulate the image interpretation task of clinical 
practice in a large-scale assessment setting, due to technological limitations. Optimizing 
image manipulation options, the level of ambient light, time limits and question types can 
help improving the authenticity of simulation-based radiology assessments.
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introduction

Complex clinical skills are challenging to assess. The closest reflection of actual clinical 
behavior is obtained by workplace based assessments in which trainees are judged for their 
performance at clinical tasks, without standardization of patients or settings1. However, the 
inherent lack of standardization and the difficulty to attain high levels of inter-rater agree-
ment can diminish its reliability2. Besides, workplace based assessments generally require 
direct observation and much time and effort of faculty members. Simulation-based assess-
ment aims to test participants’ clinical performance in a standardized setting. Most medical 
simulations use virtual patients3, 4, such as mannequins, standardized patients or laparoscopy 
simulators. These patient models attempt to approach the experience with real patients. In 
visual diagnostic domains, such as radiology, the imaging data of real patients can be used to 
simulate the clinical task of image interpretation.

Although the use of real patient data adds to the fidelity of the simulation, it does not 
guarantee a high level of authenticity5. Authenticity refers to the degree to which an assess-
ment resembles the task in professional practice6. To simulate a clinical task in a credible 
way, a certain level of authenticity is needed. Current radiological practice -for a great 
part- involves reading volumetric images. Volumetric images are sets of successive cross-
sections of a human body part. These cross-sections are usually MR (Magnetic Resonance) 
or CT(Computed Tomography) images. Radiologists scroll through the set of images to 
detect lesions and diagnose diseases. Advanced image interaction or manipulation tools can 
be used, such as scrolling through images in any direction and adjusting contrast settings7-9. 
Interpreting volumetric images requires different cognitive skills than interpreting 2D im-
ages10 and requires the processing of large amounts of visual data. These skills cannot be 
captured in a paper-based test. A computer-based test is needed to include human-computer 
interactions and to reach an acceptable level of authenticity. However, a higher resemblance 
of clinical practice does not necessarily mean that examinees experience this as such, because 
the authenticity of a test is partly in the eyes of the beholder11.

To evoke true radiological diagnostic reasoning, not only the viewing mode but also the 
cognitive characteristics of the test should align with clinical practice. In clinical reasoning 
literature, many question types have been developed and investigated in an attempt to test 
clinical reasoning12. The diagnostic process in visual domains primarily focuses on hypoth-
esis generation, based on image characteristics and available clinical information. Image-
based questions, accompanied with limited clinical information, and a response format that 
requires the active generation of a diagnosis aligns best with this clinical task. The perceptual 
component may be captured with question types that test detection skills, e.g. by asking for 
marking abnormalities or anatomical structures.

Many initiatives to simulate the radiological image interpretation task have been reported 
in radiology education literature. Most simulations are used for e-learning purposes13, 14. The 
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image interaction possibilities in these simulations are usually absent or limited14, and learners 
tend to encourage possibilities for image interaction15-17. Some studies even suggest that intro-
ducing teaching material with image interaction possibilities has a positive effect on learning 
outcomes18, 19, but the level of evidence is low. The use of simulations for radiology assessments 
is less widely reported, and image interaction possibilities are lacking or limited20, 21.

In a previous study, we found that the introduction of volumetric images has the potential 
to improve the validity of radiology anatomy tests in medical students22. According to the 
medical students, testing with volumetric images reflected clinical practice better than 
testing with 2D images22. This population had no experience in clinical practice and the 
questions only involved normal anatomy, whereas clinical radiology involves recognition 
and interpretation of pathological images. These results should therefore be verified in a 
population that has a good understanding of radiology practice and with questions that aim 
to test image interpretation in pathological cases as well.

The purpose of this study was threefold:
1. To develop and implement a digital simulation-based assessment method for monitor-

ing image interpretation skills of radiology trainees.
2. To describe the methods, challenges and lessons learned from this development and 

implementation process.
3. To evaluate the authenticity of the digital test in comparison with former paper-based 

assessments.

MEthods

setting
In the Netherlands, radiology residency involves five years of training in academic and non-
academic hospitals. The DRPT is a semi-annual mandatory test for residents. The DRPT 
aims to test development of radiological knowledge: all residents, regardless of their level of 
experience, take the same end-of-training level test. The DRPT has a formative purpose, 
i.e. to provide feedback to trainees, to reflect their progress and guide self-directed learning, 
rather than to yield a summative score23. The questions are constructed by expert radiologists 
of the examination committee of the Radiological Society of the Netherlands. The test has 
been described in more detail in a previous study24. After ten years of paper-based testing, 
the DRPT was transformed into a digital format in 2013. In April 2013 a pilot test was 
conducted among 383 participants. The aim of this pilot was to check the feasibility of 
the test procedure and its technical performance. The implementation and development 
process of the following three digital radiology progress tests (signified below as Digital 
Test 1, 2 and 3), administered in 2013 and 2014, is described and evaluated in the current 
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study. To compare the digital test with previous paper-based testing, the three most recent 
paper-based tests before the transition (Paper-based Test 1, 2 and 3, administered in 2011 
and 2012), were used. The current study focuses on the image-based questions assessing 
image interpretation skills.

study design: Three-phase developmental process Evaluation
We longitudinally describe the implementation and development process of the three digital 
tests. In the method section of phase I, the initial implementation of DT 1 (Digital Test 1) 
will be outlined. The method section of phase II and III will focus on the changes that were 
made in DT 2 and DT 3 based on the results of the previous digital tests. Both quantitative 
and qualitative results informed decisions for further improvement of the following digital 
tests. In the development process we focused on improving the authenticity of the image 
interpretation task. Radiology expertise literature distinguishes visual and cognitive com-
ponents of image interpretation25-28. Therefore, we distinguish viewing task and cognitive 
task characteristics to evaluate task authenticity. Viewing task characteristics include aspects 
of the task that are related to the images, i.e. how images are displayed and to what extent 
they can be manipulated. Cognitive task characteristics involve aspects of the task that are 
related to the thinking process of the trainee, i.e. processing the visual information, and 
diagnostic reasoning. After each digital test, we evaluated the participants’ perceptions about 
the authenticity of the digital image questions compared to former paper-based questions, 
derived from quantitative and qualitative data from questionnaires. Besides, we compared 
the reliability of the digital image question subtests with former paper-based versions.

participants 
The three digital progress tests were taken by 356 (Digital Test 1, DT 1), 367 (DT 2) and 349 
(DT 3) Dutch radiology residents. The mean duration of radiology training of the participants 
at the moment of testing was 2.4, 2.5 and 2.4 years respectively. The paper-based tests were 
taken by 357 (Paper-based Test 1, PT 1), 367 (PT 2) and 354 (PT 3) residents, who had 
completed an average duration of radiology training of 2.3 years across all three tests.

questionnaire
Within one week after the digital tests, participants received an invitation to answer an online 
questionnaire with a reminder after one week. Questions concerned the perceived correspon-
dence to clinical practice and image quality of the digital and paper-based image questions. 
Questions concerning the paper-based image questions were not filled out by respondents who 
never completed a paper-based version of the test. Response format was on a five-point Likert 
scale, ranging from “insufficient” to “good”. Participants were asked to provide suggestions 
for improvement in four open comment sections of each questionnaire. Open comments 
regarding the image questions were used for qualitative analysis to explain or complement 
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the quantitative findings. The questionnaire also included questions about the logistics of the 
test administration, the user-friendliness of the test application and the test environment, the 
answers of which were to be used to guide the improvement of subsequent tests.

Response rates were 52%, 46% and 43% after DT 1, 2 and 3 respectively. The distribu-
tion of participants over the training years across all three questionnaires together was: year 
1: 20-24%; year 2: 20-21%; year 3: 15-25%; year 4: 20-27% and year 5: 10-16%.

statistical Analysis
For comparing the reliability of the digital image questions with paper-based image ques-
tions, Cronbach`s alpha was calculated for each subtest level, after removal of flawed ques-
tions (3-5%) determined so by the examination committee and guided by item analysis. To 
compare reliabilities of the different subsets of image questions, Spearman Brown formula 
was applied to correct for test length differences29. Item-total correlations of the image ques-
tions were calculated.

After assumption checks, paired t-tests and Wilcoxon signed-rank tests were conducted to 
compare survey ratings concerning digital testing with those concerning paper-based testing. 
For qualitative analysis for the purpose of this study, comments concerning the image-based 
questions were categorized in perceptions regarding viewing task characteristics and regard-
ing cognitive task characteristics. Themes concerning these characteristics were identified 
and reported when three or more comments were related to a theme. Comments given twice 
or more by one participant were counted only once. Comments concerning the non-image 
based questions and the organization of the test were analyzed separately, and used for the 
improvement of subsequent tests.

Ethical Approval
The Ethical Review Board of the Netherlands Association for Medical Education approved 
the study (ERB number 206).

phase 1: development and evaluation of digital test 1

test format
The first digital test contained 200 questions, equal to the paper-based test versions. The 
number of image-based questions was 36 and comparable to previous paper-based tests. In 
the first digital test, 56% of the image-based questions contained volumetric images. In the 
scoring model of the digital tests, each correct answer to a question yielded one point. The 
scoring model of the paper-based tests was based on formula scoring, because the questions 
included a don’t know option. In formula scoring, scores are calculated by subtracting the 
number of wrong answers from the number of correct answers to correct for guessing. The 
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don`t know option was removed prior to the digital test implementation, based on a previ-
ous experiment about the effect of the don`t know option30.

test Environment
A digital test environment, VQuest (http://www.vquest.eu or http://vquest.bluefountain.
nl/en/), was used to administer the digital DRPT. The test application was developed at 
University Medical Center Utrecht and was used in previous studies to improve radiology 
tests for medical students22, 31. It allows for volume dataset viewing and image manipulation. 
Participants can navigate through volumetric images in different viewing directions. The 
program also allows for zooming in and out and adjusting image contrast. Examples of a 
volumetric image question are shown in Figure 1 and 2. A video of the test application is 
available in the supplementary of previously published work22.

simulating Viewing task characteristics
We listed the viewing characteristics of the task in clinical practice and the paper-based 
test. Within the possibilities and restrictions of the available hardware and software, we 
implemented viewing characteristics in the digital test that were closest to clinical practice.

Because of screen size and resolution restraints, the maximum number of images displayed 
at once was restricted. Even though ample image manipulation options were available in 
the test environment, not all options were included to their full extent. We anticipated that 
too many options could overwhelm participants and could increase reading time. Many 
manipulation options were therefore only made available if considered to have added value 
to a particular question. The viewing task characteristics of the first digital test, the paper-
based test and clinical practice are described in Table 1.

simulating cognitive task characteristics
To improve simulation of the diagnostic reasoning task, hotspot and multiple choice ques-
tions were introduced, in addition to the true/false questions. The hotspot question aimed 
to test perception skills 9, by asking participants to place a marker in an abnormality or an 
anatomical structure. The multiple choice question could be used to test analysis or synthesis 
skills9, for example testing the ability to diagnose, by listing a number of possible diseases.

rEsults 

Reliability of the digital image question subtest of DT 1 was comparable to the reliability 
of the paper-based image questions when corrected to a 60 image-based questions test with 
Spearman Brown formula (Table 2). Average item-total correlation (rit) values for digital 
image questions per question type are given in Table 3.
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Viewing task characteristics
Image quality was rated significantly lower than the former paper-based image quality, 
t(142) = -2.84, p < 0.05, r = 0.32. Qualitative data analysis showed five themes with respect 
to the suggestions for improvement of the viewing task. The most prevalent theme was 
‘image manipulation options’, with the majority of the comments being related to the desire 
to zoom in and out. The second most important theme was ‘image resolution/size’ due 
to complaints about the small screen size and image resolution. In addition, the ambient 
lighting was criticized for being too high, leading to hindering reflections on the computer 
screens. The number of comments for each theme is listed in Table 4.

table 1. Viewing task characteristics in clinical practice, the digital image questions of DT 1 and the paper-based 
image questions

Viewing task 
characteristics

clinical practice dt 1 paper-based tests

Image display

Screen size Typically 20-30 inch 15.6 inch NA

Screen resolution Typically 1600 x 1200 to 
3280 x 2048 

1366 x 768 NA

Display more than one 
image at once

Yes, multiple Yes, maximum of four images Yes, multiple

Comparing with previous 
images

On demand Only when provided in the 
question

Only when provided in 
the question

Image manipulation

Scrolling back and forth Yes Yes No

Changing contrast setting Yes, presets or free in any 
setting

Yes, presets or free in any 
setting

No

Changing viewing direction Yes, presets or free in any 
direction

Presets, when considered to 
have added value

No

Zooming in and out Yes No No

Making advanced 
reconstructions

Yes Yes, when considered to have 
added value

No

DT = Digital Test, NA = Not Applicable

table 2. Reliabilities of digital and paper-based image questions 

pt 1 pt 2 pt 3 dt 1 dt 2 dt 3

k (image items) 37 37 36 36 40 60

reliability (cronbach`s α) .67 .78 .76 .74 .72 .80

spearman Brown corrected α (k = 60) .77 .85 .84 .83 .79 .80

PT = Paper-based Test, DT = Digital Test
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cognitive task characteristics
Seventy-four % of the participants agreed that digital radiology progress testing corresponds 
better to clinical practice than paper-based testing. The participants’ perceptions of cor-
respondence with clinical practice between the image questions in DT 1 and the former 
paper-based image questions did not differ. Qualitative data analysis revealed that reflections 
upon the cognitive task characteristics were very scarce, only seven comments, and the 
predominant view was that the digital 2D and volumetric image questions reflected clinical 
practice better than paper-based image questions. For example, one of the participants wrote: 
“Image questions with full datasets fit the reality of practice better”. Next, the participant 
added: “However, the quality of the images especially the X-rays, should be taken care of”.

phase 2: improvement and Evaluation of digital test 2

Improving actual image quality was not possible due to hardware limitations. In an at-
tempt to improve the perceived image quality, several adjustments were made in the viewing 
characteristics of the second test: 1) the zooming option was made available, 2) a full-screen 
option was implemented that enabled double clicking on of the images for a full-screen view 
of the image and 3) ambient light was reduced.

table 3. Average rit-values of digital image questions per question type

rit values image questions lMq (k) hsq (k) Mcq (k) tfq (k)

DT 1 - .31 (4) .26 (24) .15 (8)

DT 2 - .34 (4) .32 (24) .18 (12)

DT 3 .35 (8) .27 (4) .30 (32) .22 (16)

LMQ = long menu question; HSQ = hotspot question; MCQ = multiple choice question; TFQ = true/false ques-
tion; k = number of questions

table 4. Number of comments related to the viewing task, categorized into five themes

Theme dt 1 dt 2 dt 3

Number of responders 186 169 152

Scrolling speed 4 32 30

Loading speed of images 3 4 19

Image resolution/size 78 31 11

Image manipulation options 112 37 10

Ambient light reflection on screen 34 6 1

DT = Digital Test
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To compensate for the increase in time investment involved in answering volumetric im-
age questions, the total number of questions was decreased from 200 to 180. Besides, the 
proportion of volumetric image questions was reduced to 40% of 40 image-based questions.

rEsults 

Reliability of the digital image question subtest of DT 2 was comparable to the reliability 
of the paper-based image questions when corrected to a 60 image-based questions test with 
Spearman Brown formula (Table 2). Average item-total correlation (rit) values for digital 
image questions per question type are given in Table 3.

Viewing task characteristics
Despite the attempts to improve perceived image quality, digital image quality was still rated 
significantly lower than the former paper-based image quality, t (112) = -2.99, p < 0.05, r 
= 0.27, respectively. In the qualitative data analysis, the emphasis was again on the image 
manipulation options and the image size, though also scrolling speed was subject of discus-
sion (Table 4). Although the number of comments had decreased, there was still criticism 
on the screen size and image resolution. This was specifically related to the questions with 
mammography images, X-rays of the breasts, that can contain very small calcifications. One 
of the comments: “The details on the X-ray images, such as micro calcifications, are very 
hard to distinguish on these computer screens”. The comments on the image manipulation 
options had decreased and changed direction. The zooming option was now available, but 
it was not always functioning well. The number of comments about ambient lighting had 
decreased from 34 to 6. In addition, comments about the scrolling speed had increased: slow 
and faltering scrolling was experienced.

cognitive task characteristics
Seventy-two % of the participants agreed that digital radiology progress testing corresponds 
better to clinical practice than paper-based testing. According to the participants, digital 
image questions of the second test corresponded significantly better to clinical practice than 
paper-based image questions, t(131) = 1.99, p < 0.05, r = 0.17.

Again, the qualitative data again reflected the dominant view that digital 2D and volu-
metric image questions reflect clinical practice better than paper-based image questions. In 
addition, some participants shared the opinion that the value of testing with volumetric 
images is a trade-off between improved reflection of clinical practice and increased time 
needed to complete the questions. For example, one of their comments was: “changes in 
viewing direction and contrast settings enable better interpretation of the abnormalities on 
the image, but it takes a lot of time”.
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phase 3: improvement and Evaluation of digital test 3

To improve the viewing task characteristics, the software was optimized to improve the 
speed of image manipulation, especially the zooming option and the scroll function. The 
examination committee received extra instructions about what type of images and cases were 
preferable or not. For example, it was recommended not to include too large volumetric 
datasets and only include the relevant parts of the image, because too large datasets could 
negatively affect the performance of the software, such as loading time and scrolling speed.

To further enhance the test goal of image interpretation skills, the number of image-based 
questions was increased to 60 (of which 38% volumetric images). Besides, the options of 
question types were expanded with a long-menu question. This question type requires select-
ing an answer from a long list of answer options, which only appears after typing two or 
more letters corresponding to the available options. The long menu question was introduced 
to improve the authenticity of the simulation, since there are no multiple choice options in 
clinical practice, and diagnoses have to be actively generated.

rEsults 

Reliability of the digital image question subtest of DT 3 was comparable to the reliability 
of the paper-based image questions when corrected to a 60 image-based questions test with 
Spearman Brown formula (Table 2). Average item-total correlation (rit) values for digital 
image questions per question type are given in Table 3.

Viewing task characteristics
After these improvements, image quality of the third digital test was rated significantly 
higher than the former paper-based image quality, t(108) = 2.91, p < 0.01, r = 0.27. The 
number of comments about the image manipulation options and image size had decreased 
significantly and there was only one complaint left about ambient lighting. Scrolling speed 
and this time also loading speed were still prominent topics. The comments specified that 
especially loading of the volumetric datasets (CT and MR images) was perceived as slow.

cognitive task characteristics
Eighty % of the participants agreed that digital radiology progress testing corresponds better 
to clinical practice than paper-based testing. Again, participants found that digital image 
questions corresponded significantly better to clinical practice than paper-based image ques-
tions, t(109) = 3.28, p < 0.01, r = 0.30 respectively. Apart from the positive comments 
towards digital testing with volumetric images, some participants feel that image reading 
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should rather be tested in clinical practice, while the progress test should focus on knowl-
edge and interpretation of static images. One of the comments: “Either you test knowledge 
through recognition of key images (that is what radiology is at least, and I think this is the 
goal of the test), or you let us read 20 full CT cases (however, you don`t need to test this 
because this is what we do all day)”. And another comment: “I think the best clinical practice 
test is real clinical practice. The progress test is primarily a knowledge test and navigating 
through images does not add much”.

discussion

We described the implementation and development process of a digital simulation-based 
assessment in radiology residency. We aimed to improve the authenticity of image inter-
pretation assessment. Even though high fidelity simulations were used, the authenticity of 
the first digital test was not rated higher than the paper-based tests. After optimizing test 
characteristics, image manipulation options and environmental conditions, participants 
favored the authenticity of the digital image questions over paper-based image questions.

An improved representation of clinical practice with volumetric images was reported 
previously among medical students22, who have very limited experience with interpreting 
images in clinical practice. Standards for the viewing task are probably higher for residents, 
who are used to working with high-quality images and advanced, high-speed image ma-
nipulation equipment. Unfortunately, computers available for large-scale tests usually do 
not meet the high criteria of screen size, screen resolution and processor speed utilized in 
radiology practice. In our study, this discrepancy was reflected by the initial high number of 
suggestions for improvement of the viewing task, expressed by the residents.

One of the most important challenges was how to improve perceived image quality. 
Digital image quality was initially rated lower than paper-based image quality. Based on 
the comments this was probably due to the small displays with a limited screen resolution 
that were available in this large-scale assessment setting. The screen resolution was below the 
1280 x 1024 displays that were previously recommended for radiology assessments20. Small 
screen size had to be compensated by optimizing image manipulation options. We therefore 
introduced and optimized the zooming function and introduced a full-screen option for 
cases with multiple images. Besides, speed and smoothness of scrolling and zooming were 
criticized by the participants and had to be optimized. Our results underscore that only 
implementing image manipulation options is not enough, and an optimal functionality of 
the options is crucial to reach a satisfactory simulation. This relates to the human-computer 
interaction literature, showing that intuitive and direct interactions are crucial for user ac-
ceptance of a computerized system32.
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Optimizing the ambient light was another challenge. A high level of ambient light can 
have a negative effect on observer performance33-35. Some studies report this can (partly) be 
compensated for by means of interactive contrast adjustments33, 36. Even though participants 
could adjust contrast settings, a substantial part of their comments was related to hinder of 
ambient light. Since there was no possibility to dim lights, we ultimately turned the lights 
off, which was appreciated by the participants. On the other hand, there is evidence that a 
dark reading room may increase visual fatigue due to pupil contraction and dilation, which 
negatively affects reader performance37. It is therefore recommendable to include possibili-
ties for light control in assessment rooms for image interpretation tests.

Screen size, image manipulation options and the level of ambient light appear to be crucial 
factors for establishing an optimal reflection of clinical practice in radiology assessment. The 
importance of these factors probably varies in other visual domains, such as dermatology and 
clinical pathology. For example, image manipulation options are probably more important 
in clinical pathology38 than in clinical dermatology, whereas ambient light reflection on 
computer screens may affect any image interpretation task. 

Another important consideration is the increased time needed to review volumetric images. 
Loading of and scrolling through volumetric images takes time. The improved reflection of 
clinical practice with volumetric images has a trade-off with time constraints. Increased time 
and effort of participants, faculty and staff support are common drawbacks of simulations39. 
It requires careful consideration whether the desired test validity justifies the investments40. 
We therefore recommend that volumetric images should only be used if they are considered 
to better match the goal of the question. 

Throughout the development process, we introduced multiple choice, hotspot and long 
menu questions to better reflect the cognitive task of image interpretation. In most of the 
tests, the multiple choice, hotspot and long menu questions reached an average rit-value of 
.30 or larger, as is recommended for high-stake tests41, in contrast to the true/false questions 
that showed average rit-values from .15 to .22. However, the long menu questions have some 
disadvantages for teachers, because they require extensive lists of answer options, including 
synonyms, and are time-consuming to construct12. 

The development process with changes in image manipulation options, ambient lighting, 
time limits and question types went along with an improved authenticity of the digital sim-
ulation-based assessment compared to its paper-based counterpart. Since we implemented 
and developed the test in three phases and changed multiple factors in each phase, we cannot 
determine the effect of each separate factor. We can only conclude that the set of changes 
was advantageous and recommend to carefully consider these factors when developing an 
image interpretation test. 

Some limitations should be addressed. Although the whole cohort of Dutch radiology 
residents participated in the three digital tests, we cannot generalize these results to radiology 
programs in other countries. Also, response rates of the questionnaires were moderate, and 
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slightly decreased throughout the study. However, only the fifth year residents were slightly 
underrepresented in the questionnaire responses, possibly because they felt they would not 
benefit from future test improvements. 

When interpreting the test results over time, we should acknowledge differences in group 
composition across the three tests, primarily due to residents continuously phasing in and 
out of the program throughout the year. However, the average training year remained virtu-
ally constant across the tests. 

This study underscores that authenticity of a simulation does not necessarily increase with 
higher fidelity. Simulating the image interpretation task of radiology practice in a large-
scale assessment setting is challenging, due to technological limitations. Optimizing image 
manipulation options, the level of ambient light, time limits and question types can help 
improving the authenticity of simulation-based radiology assessments. 
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To improve education in radiology, it is key to understand expertise of visual diagnostic 
reasoning. As elaborated in the introduction chapter of this thesis, existing theories such 
as the Visual Search and Detection Model of Kundel and Nodine1 and global-focal search 
theories2-4, describe the visual diagnostic reasoning process of radiologists. Other expertise 
theories, the Dual Process Theory5, 6 and the Expertise Theory of Anders Ericsson7, are help-
ful for understanding expertise development in visual diagnostic reasoning. The ability of 
expert radiologists to recognize a disease in a split second may be explained by the fast 
non-analytical way of thinking described in the Dual Process Theory. The Expertise Theory 
provides recommendations for training to reach expert performance. 

However, the theories do not give answers to the domain-specific issues of radiology 
expertise development: which knowledge and skills are needed to support the development 
of radiology expertise, and more specifically image interpretation expertise in the contempo-
rary era of advanced medical images? And how should we adapt our training and assessment 
methods to those advancements? This thesis aimed to 1) investigate which knowledge and 
skills are important for the development of expertise in radiological 2D and volumetric 
image interpretation and 2) contribute to the development and evaluation of training and 
assessment methods to stimulate expertise development in radiological 2D and volumetric 
image interpretation. The studies in this thesis focus on diagnostic radiology, with a specific 
interest in volumetric image interpretation. In relation to the first aim: in chapter 2 we 
investigated which domain-specific knowledge and skills are needed for radiological im-
age interpretation, in chapter 3 we compared the use of these knowledge and skills in 2D 
and volumetric image interpretation and in chapter 4 we described the relation between 
visual search and diagnostic performance. In relation to the second aim: in chapter 5 we 
investigated the effect of teaching search strategies on perceptual performance, in chapter 6 
we evaluated how we can identify different types of errors that occur in the visual diagnostic 
process and in chapter 7 we described how the authenticity of volumetric image interpreta-
tion skill testing can be increased with a digital simulation-based assessment.

discussion of MAin findings 

Expertise development in image interpretation 
Which domain-specific knowledge and skills are needed for radiological image 
interpretation? 
We developed a conceptual framework to capture knowledge and skills required for 2D and 
volumetric image interpretation. We identified three main components of image interpreta-
tion: perception, analysis and synthesis. This was further specified into sixteen knowledge 
or skill elements, described in detail in chapter 2. The framework adds to previous visual 
expertise research which primarily describes processes or strategies of image interpretation8-11 
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and does not specify knowledge and skills that are necessary. Image interpretation is a 
high-level cognitive process, involving data representation, visual information processing, 
and reasoning. The specific knowledge and skills that are used differ from case to case. For 
example, instant pattern recognition takes place when visual information can be compared 
with similar previous examples. In these cases, image interpretation can be considered as 
trivial as the recognition of an object, such as a chair. Previous examples of cases must be 
encountered to enable the instant recognition of a new case, but knowledge about anatomy 
or pathology may not be a prerequisite in all cases. A striking recent research report showed 
that even pigeons could be trained to detect subtle calcifications on mammography12. 
However, an attempt to train them in distinguishing benign from malignant breast masses 
failed, probably because this distinction requires knowledge about the features of the mass 
that differentiates between those conditions. In case an observer has to diagnose a disease or 
a manifestation of a disease one had never encountered before, one cannot rely on pattern 
recognition. Analytical reasoning processes are then required to interpret the findings. The 
complexity of uncovering the image interpretation process is not only caused by the internal 
complexity of the cognitive processes but also due to the variation wherein these cognitive 
processes occur. Still, we pursued in creating a framework of required knowledge and skills, 
to assist in further research and advances in radiology education. We tried to cover the most 
important knowledge and skills that are required to build expertise in diagnostic radiology. 
We emphasize that the framework should be considered a simplified model of the highly 
complex and variable nature of the image interpretation process. Another consideration 
is the sustainability of the framework. Radiology is developing rapidly, embracing new 
techniques and combining modalities to improve the diagnostic and prognostic value of 
imaging. For example, improved MRI techniques allow for visualizing movement of organs 
and the combination of radiology with nuclear imaging techniques provides functional 
information. Interpreting these images requires additional knowledge about physiology and 
function. Other knowledge and skills may become less important in the future. Percep-
tion may be partly taken over by computers, due to the development of Computer-Aided 
Detection (CAD) systems13. This would, in turn, introduce other skills such as how to deal 
with the results of CAD systems and how to report and communicate those. This means 
our framework should be interpreted in the context of the current practice of diagnostic 
radiology. The knowledge and skills required for image interpretation may evolve through 
time based on new insights or developments in clinical practice.

How do these skills differ between 2D and volumetric image interpretation?
The framework of the first study was used to investigate differences in cognitive processes 
between 2D and volumetric image interpretation in the second study (chapter 3). Cognitive 
processes in volumetric image interpretation were found to differ from 2D image interpreta-
tion. Perception was most prominent in volumetric image interpretation, while synthesis was 
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most prominent in 2D image interpretation. This is probably related to different amounts of 
image information in 2D and volumetric image interpretation. Volumetric images contain 
much more visual information, requiring more visual processing, hence more perception. 
Previous research also shows that the amount of image information is positively related 
to self-reported mental effort spent in image interpretation14. In 2D images, the amount 
of visual input is limited and more time and working memory can be dedicated to other 
cognitive processes, such as diagnostic considerations. 

These results should be interpreted with caution, especially when it comes to generaliz-
ability to other multidimensional tasks. Volumetric images should not be confused with true 
three-dimensional (3D) images. Whereas a volumetric image is a set of two-dimensional 
cross-sections which can be scrolled through, 3D images are reconstructions of the surface 
of structures the body that can be rotated. Still, even though volumetric images are not 
true 3D representations of the human body, performance in recognizing and describing 
anatomical structures in volumetric images and in cadavers was found to correlate heavily15. 
This correlation was not found for the same task in 2D images and cadavers15. However, 
using 3D models for teaching anatomy does not necessarily improve the understanding 
of volumetric images16. These differences in representations of the human body should be 
taken into account when interpreting and comparing studies about expertise development 
in image interpretation skills. 

How does visual search relate to diagnostic performance?
These first two studies in this thesis were based on verbal protocols, whereas image interpre-
tation involves a large visual component. Eye tracking can give information about the visual 
attention of observers, and provide insight into their visual search patterns. We reviewed the 
eye tracking literature of radiology expertise research to explore which visual search patterns 
are related to high diagnostic performance. The review study described in chapter 4 dem-
onstrates that experts and high performers need shorter viewing times and fewer fixations 
with longer saccades in between, and they fixate on abnormalities faster than inexperienced 
readers or low performers. Experts need less time and fewer fixations to collect the relevant 
image information17 and recognize disturbances in a field of view more quickly by taking 
advantage of a large visual span17, 18. This relates to global-focal search theories2-4, advocating 
that experts use a fast holistic approach to images, while less proficient observers apply a slow 
search-to-find approach. In a broader context of expertise development, this also reflects 
the principles of Dual Process Theory: the holistic approach being intuitive and fast, and 
the search-to-find approach being a conscious and relatively slow process. In addition to 
these general conclusions about differences in eye movement parameters across expert levels, 
experts use specific search patterns in specific tasks. Examples are the radial search in hand 
and wrist X-rays19 or the drilling search pattern through chest CTs20. However, the effect of 
teaching these expert search strategies to trainees has hardly been investigated. Besides, only 
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a minority of the studies investigated visual search in volumetric images, while interpreting 
these images currently involves an increasing part of radiology practice21, 22.

radiology training and Assessment Methods 
What is the effect of teaching search strategies on perceptual performance?
Volumetric image interpretation requires navigating through the images. We developed a 
scroll strategy training derived from a study by Drew et al., who discovered that expert radi-
ologists exhibit two main types of search strategies when searching for lung nodules in chest 
CT scans: ‘scanning’ and ‘drilling’20. We investigated if teaching these expert search strategies 
to junior residents could improve perceptual performance. Search strategy instruction had a 
significant effect on both scroll behavior and perceptual performance. The scanning instruc-
tion decreased the true positive rate, while the drilling instruction did not have a significant 
effect. Probably this was due to the finding that the majority of participants already used 
a certain type of drilling for their free search. Still, the drilling instruction significantly 
decreased the number of false positive findings compared to the free search condition. These 
results partly deviate from a previous study of Kok et al.23. Although both studies showed 
that search strategy instruction can affect the search behavior of trainees, Kok et al. did not 
find a beneficial effect on performance23. This may be due to some important differences 
in study population and in the task at hand. In our study, the task was strictly dedicated 
to the detection of lung nodules, whereas the participants in the study of Kok et al. had to 
detect different types of abnormalities. Their explanation for the absence of a performance 
effect was that the knowledge necessary for recognizing the lesions was probably lacking. 
The contribution of knowledge in recognizing these diverse diseases is probably larger than 
for recognizing lung nodules, where the efficiency of the search may be a more important 
factor than specific radiological knowledge. Moreover, we studied residents who already 
had acquired more domain-specific radiology knowledge than medical students. Another 
explanation could be the difference in imaging modality. The efficiency of search is probably 
more important in volumetric images used in our study than in X-rays used in the study of 
Kok et al.. Volumetric images contain much more visual information and require navigation 
to visualize the abnormalities. An X-ray is a 2D projection of a 3D structure, with many 
structures projecting over each other, and it can be very challenging to distinguish normal 
from abnormal, even for expert observers24. So even with a very efficient search strategy, 
observers will not detect findings if they cannot discriminate between normal and abnormal. 

The preference of drilling over scanning cannot be transferred directly to other detection 
tasks and expert levels. Search behavior differs between different types of tasks 19, 23, 25, 26 and 
types of abnormalities encountered26. Lung nodules are focal abnormalities and lung nodule 
detection may benefit more from a drilling strategy than the detection of diseases with more 
diffuse abnormalities. The training may also have a different effect in other expertise levels, 
due to expected differences in knowledge level and prior search behavior. Expert radiologists 
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who perform similarly use completely different search strategies27, 28, and have a different 
starting point prior to instruction of new strategies. Besides, it may be challenging to alter 
the habits of experienced observers with a search strategy training.

How can we identify different types of errors that occur in the visual diagnostic process?
We used an assessment method with a stepwise-reasoning approach to identify different 
types of errors in the image interpretation process of medical students. In this question 
format, the visual diagnostic reasoning process was assessed in steps, using subquestions. 
With this method, more than three-quarters of all errors could be related to one of the image 
interpretation components, of which 39% perception, 20% analysis, and 41% synthesis 
errors. The distribution of error types we found should not be compared with the error types 
in clinical practice29, 30. The purpose of the study was to find a method to distinguish error 
types in an educational setting, and not to investigate error type rates. Participants were 
aware of the presence of an abnormality because a radiology test with only pathological cases 
was used for the study, which does not compare to clinical practice. 

In addition to performance information, the stepwise-reasoning approach provides pro-
cess information by disentangling the image interpretation process in three components. 
Although many radiology exams are composed of multiple choice questions31, other ex-
amples of assessments providing process information can be found in the literature32, 33. For 
example, the study group of Pecaric et al. reported a learning analytics approach to uncover-
ing the process of image interpretation32. Heat maps of hotspot questions are used to provide 
insight in perceptual errors, for example, growth plates being mistaken for a fracture. Mouse 
click information is used to show whether all images are reviewed. These different types of 
process information can be used for feedback on the level of an individual learner33, but also 
on a group level, for example, to guide teachers in their instructions in a classroom setting.

Besides error type characterization, the stepwise-reasoning question format has the po-
tential to provide additional performance information of the learner, that stays unnoticed 
if only a diagnosis is asked. Latent errors are perception and analysis errors if followed by 
a correct diagnosis. Students may guess the correct diagnosis for example based on clinical 
information, without detecting the abnormality or without a valid analysis of the abnor-
mality. Partial knowledge can be identified when students correctly detect and/or analyze 
an abnormality, while the diagnosis is incorrect. Partial knowledge cannot be rewarded in 
multiple choice questions with only a list of diagnoses. With the stepwise-reasoning ap-
proach in chapter 6 we were able to identify latent errors or partial knowledge in over 25% 
of patient cases.
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How can digital simulation-based assessment increase the authenticity of volumetric image 
interpretation skill testing? 
A digital simulation-based assessment method was developed for testing image interpreta-
tion skills of radiology residents. This assessment method was designed to test volumetric 
image interpretation skills and included advanced image manipulation options and question 
types to simulate this task. The method was previously tested in radiological anatomy tests 
in medical students and was found to reflect clinical practice better than testing with 2D 
images34. However, it took several developmental steps to increase the perceived authenticity 
of the residents’ test. Due to technological limitations, it was challenging to simulate the 
image interpretation task in a way that meets the standards of residents who are used to 
work with high-quality images and advanced, high-speed image manipulation equipment. 
After optimizing image manipulation options, ambient lighting, time limits and question 
types, the residents eventually favored the authenticity of the digital image questions over 
paper-based image questions. 

Taking into account these challenges and technical and environmental requirements, we 
may question whether it is worth the effort to test with volumetric images and advanced 
image manipulation options. Does the possibility of scrolling through and manipulating 
images really add to the quality of radiological skills testing? Findings in this thesis and other 
previous studies affirm the added value of volumetric images in radiology tests. There are 
indications that 2D image interpretation and volumetric image interpretation differ sub-
stantially. In chapter 3 we found that 2D and volumetric image interpretation require dif-
ferent knowledge and skills. Besides, testing with volumetric images improves several quality 
aspects of assessment, such as reliability and correlation with external measures15, 34. Only 
testing with 2D images would be a potential risk for underrepresentation of the intended 
construct in the measurement35. An alternative could be to test the skills that are needed for 
volumetric image interpretation in the workplace. However, workplace based assessments 
have other challenges, such as utility and standardization issues36. 

strEngths And liMitAtions

One of the main strengths of our research is the focus on volumetric image interpretation. 
Volumetric images account for a major part of radiology practice but are not included in 
most previous studies investigating radiology expertise37-42. Image manipulation skills are 
hardly addressed in the literature. Only a small number of studies investigated differences in 
scroll behavior20, 28, and the effect of teaching scroll behavior has been unknown. Besides, we 
investigated both the process of visual diagnostic reasoning and the required knowledge and 
skills. Most studies focus only on the process of visual diagnostic reasoning, for example with 
eye tracking studies, while according to literature in diagnostic reasoning, domain-specific 
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knowledge is crucial for a successful reasoning process43. Also in the visual diagnostic reason-
ing literature, there are indications that teaching a strategy does not improve performance 
when knowledge is lacking23. The explicit identification of required knowledge and skills 
makes our results applicable for educational purposes. 

Visual diagnostic reasoning has a cognitive and a perceptual component, and in the case 
of volumetric images, image manipulation components. These components are integrated 
and cannot be strictly separated: perception requires cognition, image manipulation is 
guided by cognitive processes and cognitive processes are guided by perceptual input which 
in turn depends on the way the image is presented. Different study methods are used to 
study the image interpretation process. The perceptual component is primarily studied with 
eye tracking, the cognitive component with think-aloud studies and the image manipula-
tion skills with analyzing scroll and mouse click behavior. However, since all components 
are integrated none of these methods captures the complete process. For example, verbal 
protocols cannot capture unconscious cognitive processes and visual attention, whereas eye 
tracking does not reveal the reasons and intention behind the eye movements. Therefore 
we used a combination of methods to study visual diagnostic reasoning, revealing cognitive 
components (knowledge and skills), visual components (visual search patterns) and image 
manipulation components (scroll behavior). 

Finally, a substantial part of our research was dedicated to the implementation of training 
and assessment methods in radiology education. The existing literature around radiology 
expertise development and the theoretical advances in part one were used to develop and 
improve training and assessment methods in part two. The second part of the thesis does 
not only focus on the results but also on the development of these training and assess-
ment methods, to provide useful practical information for educators who are developing or 
implementing radiology education programs. 

There are also limitations. Although we used several research methods to investigate dif-
ferent aspects of visual diagnostic reasoning, we did not triangulate the methods within 
one study population. Connecting different types of data could further improve the un-
derstanding of the complete process of image interpretation and the interaction between 
cognitive, visual and image interaction processes. At the same time, the interaction of these 
processes9 complicates the analysis of simultaneous research methods. For example, thinking 
aloud could affect the (speed of ) image interpretation and eye movements44. Besides, some 
of our study settings, e.g. large-scale assessments, did not allow for collecting concurrent 
think-aloud or eye tracking data. An alternative possibility for connecting eye tracking and 
think-aloud data would be cued retrospective reporting45. This is a retrospective reporting 
method using the eye movements of participants superimposed on the image as a cue.

We investigated visual diagnostic reasoning skills in medical students and radiology resi-
dents. Some authors argue that we should not teach medical students to interpret images 
since most of them will not become radiologists46. They advocate that medical students are 
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better served by a curriculum focussing on knowledge about indications for and risks and 
benefits of medical imaging modalities. However, many non-radiologist physicians interpret 
images of, often critically ill, patients47 and the availability of images throughout the hospital 
and possibly even outside the hospital may even further improve, due to increasing possibili-
ties of PACS (Picture Archiving and Communication Systems) technology. It is a challenge 
to control image interpretation activities of all physicians and to provide all physicians with 
sufficient knowledge and skills. However, this does, even more, justify an image interpreta-
tion curriculum in undergraduate medical education to reach all medical doctors. 

In this thesis, we only address visual diagnostic reasoning in radiology. Obviously, many 
other skills are needed to become a radiologist48, 49. For example, radiologists develop motor 
skills for acquiring medical images such as ultrasound and angiography, and for perform-
ing image-guided interventions, such as biopsies. Non-medical professional skills, such as 
teaching skills and communication skills are also crucial for the radiologist48, 49, especially 
in the current system with an array of multidisciplinary clinical meetings. We chose not 
to incorporate all these skills that relate to, but not primarily qualify as, visual diagnostic 
reasoning because these activities require specific knowledge, skills and attitudes and require 
specific research methods.

iMplicAtions & futurE rEsEArch 

Expertise development in image interpretation 
Our studies contribute to the understanding of the development of visual diagnostic exper-
tise. We did not only investigate this field of expertise out of fascination, we also searched for 
knowledge advances that could be useful for educators. The best example is the framework 
of knowledge and skills. This framework can be used to support educational programs. For 
example, it could be used as a template for learning objectives or test blueprints. This is 
not necessarily limited to radiology education programs. After validation and some adapta-
tions, it may also apply to image interpretation in other medical and non-medical domains. 
Depending on the nature of the image interpretation task, including volumetric image 
exercises could be desirable, because volumetric image interpretation provokes different 
cognitive processes than 2D image interpretation. However, the learning objectives should 
be weighed against time considerations to avoid unnecessary time investments from learners 
and teachers. In addition to educational purposes, the framework can also serve as a theoreti-
cal framework for expertise research, for example for coding qualitative data. 

The understanding of visual diagnostic expertise development could be further increased 
by triangulating data within study populations50. Although we now have a sense of the 
components and the knowledge and skill elements of image interpretation, we do not know 
how these components interact. It remains unclear what the rationale or drive is behind the 
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search strategies of observers. The use of a search strategy may be a conscious choice or an 
unconscious process, driven by visual input in combination with diagnostic considerations. 
Combining information from cognitive processes and search behavior may further explain 
differences in search behavior of observers of different expert levels. 

radiology training and Assessment Methods 
The ultimate goal of studying expertise in radiology should be to optimize educational pro-
grams to improve the training of learners. Although there is an extensive body of literature 
about visual diagnostic expertise51, the number of studies investigating the effect of using 
these expert characteristics in educational programs is limited52. For educational purposes, 
we should not only describe differences between experts and novices but also investigate 
methods to improve the performance of trainees. There are some initial indications that 
teaching expert strategies to novices may affect their search pattern23, 52. Whether this 
improves performance is not entirely clear and results differ between studies23, 52. In the 
presence of sufficient knowledge to recognize the abnormalities, search strategy instruction 
can have a positive effect on performance. Whether we should include scroll strategy training 
in radiology education remains debatable. At least our results suggest that ‘scanning’ should 
not be taught as a search strategy for lung nodule detection on CT scans, because it decreases 
diagnostic performance of radiology trainees. Trainees seem to benefit from the drilling strat-
egy, as it improves their diagnostic performance, and drilling instruction may be effective 
for trainees who start with reading chest CT scans. It is not desirable to start implementing 
‘drilling’ as a general scroll strategy for all volumetric image interpretation tasks and all 
expertise levels. The benefits of a specific search strategy for diagnostic performance may 
differ depending on the task and the level of expertise. Which search strategies are most 
effective in other detection tasks, such as the detection of more diffuse abnormalities, is 
subject to further research.

The evaluation of the two assessment methods in chapter 6 and 7 informs educators and 
can guide them whether or not to use these approaches of assessment. The goal of the educa-
tion program and assessment plays an important role in choosing the best format. The step-
wise reasoning approach informs learners and teachers about error types and performance 
and may be especially useful for formative assessments. Teachers may use the information to 
tailor their instruction towards individual learners. In a classroom setting, the information 
can be used to focus instruction on errors types that are common in a particular group 
of learners. The framework of knowledge and skills in chapter 2 can be used to select the 
required knowledge and skills for each component. In case of frequent perception errors, 
search strategy instruction can be used to improve the detection of abnormalities. 

The simulation-based assessment approach can be used as an addition to workplace based 
assessment. For image interpretation tests, it is important to optimize image quality within 
the possibilities of the facilities. When screen size is limited, image manipulation options 
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such as zooming and full screen options can be used to compensate. Possibilities for ambient 
light control are highly recommended.

conclusions

This thesis contributes to the understanding of image interpretation expertise development. 
Image interpretation expertise requires many knowledge and skill elements that are inte-
grated in a complex process and can differ depending on the type of image information. 
Whereas perception is dominant in volumetric image interpretation, synthesis is dominant 
in 2D image interpretation. The thesis provides some initial indications that search strategy 
instructions can significantly affect performance of trainees in a volumetric image interpreta-
tion task.

The thesis provides several tools that can be used to improve radiology education. A 
framework of knowledge and skills was created that can serve as a guideline for the develop-
ment of radiology education. Two methods for assessment of image interpretation skills 
were introduced: a formative assessment method to increase insight into error types and 
performance of learners and a digital simulation-based assessment method that can increase 
the authenticity of image interpretation assessment. These methods can be used in radiology 
education to stimulate image interpretation expertise development of learners.
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suMMAry

Background
Radiological image interpretation is a complex skill and requires years of training to master. 
Diagnostic errors in radiology are frequent and can have significant consequences for pa-
tients. To improve education and performance in radiological image interpretation, it is key 
to understand visual diagnostic reasoning. 

The role of medical images in clinical decision-making is increasingly important and medi-
cal imaging techniques are developing very quickly. One of the most crucial developments 
in radiology was the introduction of digital volumetric imaging, which allows radiologists 
to navigate through thin cross sections on a computer monitor instead of viewing two-
dimensional hard-copy images on a light box. This development has changed the nature 
of the visual diagnostic task. How this development affects the visual diagnostic reasoning 
process and how we should align our training and assessment methods is largely unknown 
and is the subject of this thesis. 

In this thesis, we aim to 1) investigate which knowledge and skills are important for 
the development of expertise in radiological 2D and volumetric image interpretation and 
2) contribute to the development and evaluation of training and assessment methods to 
stimulate expertise development in radiological 2D and volumetric image interpretation. 

study results
Expertise Development in Image Interpretation
The first part of the thesis uncovers several aspects of the nature of radiology expertise. In 
the first study, described in chapter 2, we developed a framework to describe the knowledge 
and skills that are required for 2D and volumetric image interpretation. The study was based 
on a mixed-method design with three phases that contributed to the developmental process. 
First, a preliminary version of the framework was created based on the existing literature 
on the knowledge and skills required for image interpretation. Second, this preliminary 
framework was optimized based on semi-structured interviews with selected experts. Third, 
the framework was adjusted based on verbal protocols of observers interpreting radiological 
2D and volumetric images. We identified three main components of image interpretation: 
perception, analysis and synthesis. These components were further specified into sixteen 
knowledge or skill elements, such as ‘knowledge of anatomy’, ‘using efficient search strate-
gies’, ‘discriminating relevant from irrelevant findings’ and ‘deciding about advice or action’. 
The framework should be considered a simplified model of the highly complex nature of 
the image interpretation process and may evolve through time based on new insights or 
developments in clinical practice. 

In chapter 3, differences in knowledge and skills used for 2D and volumetric image 
interpretation were investigated in a think-aloud study. The framework of chapter 2 was 
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used to characterize the knowledge and skills of the verbal protocols obtained during image 
interpretation. A within-subjects design was applied to compare knowledge and skills used 
by advanced medical students in 2D and volumetric image interpretation. We found signifi-
cant differences between the two types of image interpretation: perception was dominant in 
volumetric image interpretation, while synthesis was dominant in 2D image interpretation. 
This may be related to the higher amount of image information in volumetric image inter-
pretation evoking more perception processes than in 2D image interpretation, where visual 
input is limited and more cognitive processes can be dedicated to synthesis. 

chapter 4 is a review study, describing how visual search relates to diagnostic performance. 
Visual search is traditionally investigated with eye tracking. In this study, six electronic litera-
ture databases were searched using ‘visual perception’ OR ‘eye tracking’ AND ‘radiology’ and 
synonyms. Inclusion and exclusion criteria were applied. We performed a thematic analysis 
to analyze the study results, and integrated data with a textual narrative synthesis. The eye 
tracking literature of radiology expertise research shows that experts and high performers 
fixate on abnormalities faster than less experienced readers or low performers, and need 
less time for their overall visual search. During their visual searches, experts exhibited fewer 
eye fixations with longer saccades in between the fixations, as compared to inexperienced 
observers. These findings support the view that experts have the capability to collect relevant 
image information efficiently and take advantage of a large visual span. The findings also 
support global-focal search theories. These theories advocate that experts make more use 
of a fast holistic approach to images, whereas novices primarily apply a slow search-to-find 
approach. In addition, experts took advantage of some specific search patterns in specific 
tasks, for example a ‘drilling’ search pattern through chest CT scans (see summary of chapter 
5 below for an explanation of ‘drilling’). 

Radiology Training and Assessment Methods 
In the second part of the thesis, we developed and evaluated two assessment methods and 
one training method. In chapter 5, we investigated if teaching expert search strategies to 
junior trainees could improve perceptual performance. We included two types of search 
strategies in the training: ‘drilling’ and ‘scanning’. The study group of Drew et al. distin-
guished these two search patterns in expert radiologists searching for lung nodules in chest 
CT scans. Drillers tend to focus on one area of the image and scroll up and down, before 
moving on to the next area, whereas scanners scan the complete image before scrolling 
to the next cross-section. We performed a randomized cross over design. Nineteen junior 
radiology residents were randomized into two groups. All participants were asked to com-
plete three lung nodule detection tests. All participants were first exposed to a baseline free 
search condition, followed by the drilling and scanning instruction condition or vice versa. 
A mixed design ANOVA was applied to compare the three search conditions. Search strategy 
instruction had a significant effect on both scroll behavior and perceptual performance. The 
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scanning instruction had a negative effect on true positive rate performance, while the drill-
ing instruction did not have a significant effect. A questionnaire revealed that the majority 
of participants already used a type of drilling for their free search, which can explain the lack 
of effect of the drilling instruction on the true positive rate. Nonetheless, the number of 
false positive findings decreased after the drilling instruction, indicating a positive effect of 
drilling instruction on performance. 

The first assessment method is the stepwise-reasoning approach, described in chapter 6. 
This method was used to identify different types of errors in the image interpretation process 
of medical students. In this question format, the visual diagnostic reasoning process was 
assessed in steps: perception with a hotspot question, analysis with a multiple-choice or 
long menu list containing characteristics of the abnormality and synthesis with a multiple-
choice or long menu list of diseases. Radiology test results of 109 medical students were 
evaluated and errors were categorized in perception, analysis and synthesis errors by two 
observers. More than three quarters of all errors could be related to one of the three image 
interpretation components. Furthermore, additional performance information of the learner 
was revealed: partial knowledge or latent errors were identified in 25% of the patient cases. 
A latent error was present when a correct diagnosis was given, even though perception or 
analysis were incorrect. Partial knowledge was identified when an abnormality was correctly 
detected and/or analyzed, while an incorrect diagnosis was given. 

In chapter 7 we introduced a digital simulation-based assessment method for testing 
image interpretation skills of radiology residents. A digital application with advanced image 
manipulation tools and question types was used to simulate the image interpretation task. 
The assessment method was designed to increase the authenticity of image interpretation 
skill assessment. The method was applied to the national Dutch Radiology Progress Test 
(DRPT) for residents. Three test administrations of the DRPT were used to evaluate the 
implementation and development process. Authenticity of the digital tests was evaluated 
and compared with previous paper-based tests. It was a challenge to meet the standards of 
radiology residents who are used to working with advanced equipment. Image manipulation 
options, ambient lighting, time limits and question types had to be optimized in several 
developmental steps to reach a higher perceived authenticity than in paper-based testing. 

conclusions 
The results of these studies have contributed to the understanding of the development of 
visual diagnostic expertise. We have identified knowledge and skills that are required for 2D 
and volumetric image interpretation, and showed that the knowledge and skills required for 
2D and volumetric image interpretation differ. Visual search patterns differ across various 
levels of expertise and we found that search strategy training can improve volumetric image 
interpretation performance of trainees.
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The results also contribute to the development of radiology training and assessment 
methods by providing several tools. The framework of knowledge and skills can be used 
as a guideline for developing radiology education, for example as a template for learning 
objectives or test blueprints. For teaching and assessing volumetric image interpretation 
skills, it is important to realize that the construct differs from 2D image interpretation. Two 
assessment methods were developed: a method that can be used to gain insight into error 
types and performance of learners and a method that can increase the authenticity of image 
interpretation assessment. These methods can be used in radiology education to stimulate 
the development of image interpretation expertise.
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nEdErlAndsE sAMEnVAtting

Achtergrond
Radiologie is een medisch specialisme dat zich bezighoudt met het in beeld brengen van 
het menselijk lichaam met verschillende beeldvormende technieken. Radiologen worden 
getraind om ziekten uit te sluiten of te bevestigen op basis van deze beelden (beeldinter-
pretatie). Het interpreteren van radiologische beelden is een complexe vaardigheid die 
vele trainingsjaren vereist. Fouten in beeldinterpretatie komen regelmatig voor en kunnen 
verstrekkende gevolgen hebben voor patiënten. Voor het verbeteren van onderwijs in de 
radiologie is het belangrijk om het verkrijgen van expertise in beeldinterpretatie te begrijpen. 

De rol van medische beelden in de klinische besluitvorming neemt toe en de beeldvor-
mende technieken ontwikkelen zich snel. Eén van de meest ingrijpende ontwikkelingen in 
de radiologie was de introductie van de digitale volumetrische beelden. Dit zijn datasets van 
vele, dunne dwarsdoorsneden van het lichaam, waar radiologen doorheen kunnen scrollen 
op een monitor. Dit verschilt van oudere technieken waarbij radiologen dwarsdoorsneden 
naast elkaar op een lichtbak bekeken (2D beelden). Deze technische vooruitgang heeft de 
visuele diagnostische taak veranderd. Hoe deze ontwikkelingen het visueel diagnostisch 
proces beïnvloeden en hoe we de onderwijs- en toetsmethoden hierop aan moeten sluiten is 
grotendeels onbekend en is onderwerp van dit proefschrift.    

Dit proefschrift heeft als doel om 1) te onderzoeken welke kennis en vaardigheden be-
langrijk zijn voor het ontwikkelen van expertise in de radiologie en 2) bij te dragen aan 
de ontwikkeling en evaluatie van onderwijs- en toetsmethoden voor het bevorderen van 
expertise ontwikkeling in de radiologie. Beide doelen hebben betrekking op expertise in 
beeldinterpretatie van zowel 2D als volumetrische beelden. 

studieresultaten
Expertise ontwikkeling in beeldinterpretatie
In de eerste studie, beschreven in hoofdstuk 2, ontwikkelden we een raamwerk met ken-
nis en vaardigheden die nodig zijn voor radiologische beeldinterpretatie. Het raamwerk 
is ontwikkeld in drie fasen, waarin het raamwerk steeds werd verbeterd. De eerste versie 
van het raamwerk werd gemaakt met behulp van gegevens uit de literatuur over kennis en 
vaardigheden die nodig zijn voor beeldinterpretatie. Deze versie werd vervolgens aan experts 
voorgelegd in interviews en werd verbeterd aan de hand van hun feedback. In de derde 
fase werd het raamwerk gespiegeld aan gegevens uit de praktijk, die werden verkregen door 
proefpersonen hardop te laten denken terwijl zij beelden beoordeelden. In het raamwerk 
worden drie componenten van het beeldinterpretatie proces onderscheiden: perceptie, 
analyse en synthese. Perceptie is ‘het identificeren van radiologische bevindingen’; analyse 
is ‘het beoordelen van de kenmerken van de radiologische bevindingen’ en synthese is ‘het 
combineren van de radiologische en klinische bevindingen voor de totstandkoming van 
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een conclusie over de differentiaal diagnose en het beleid’. De componenten worden in 
het raamwerk verder gespecificeerd in zestien soorten kennis en vaardigheden, bijvoorbeeld 
“kennis van de anatomie”, “gebruiken van efficiënte zoekstrategieën” en “onderscheid maken 
tussen relevante en irrelevante bevinden”. Het raamwerk moet gezien worden als een ver-
eenvoudigd model van het complexe beeldinterpretatieproces, dat onderhevig kan zijn aan 
veranderingen door nieuwe inzichten of ontwikkelingen. 

In hoofdstuk 3 worden de kennis en vaardigheden die gebruikt worden bij het interpre-
teren van 2D en volumetrische beelden met elkaar vergeleken in een hardopdenk studie. 
Gevorderde medisch studenten beoordeelden zowel 2D als volumetrische radiologische 
beelden terwijl zij hun gedachten steeds hardop uitspraken. Het raamwerk van hoofdstuk 2 
werd gebruikt voor het categoriseren van de kennis en vaardigheden. De kennis en vaardig-
heden voor 2D en volumetrische beeldinterpretatie werden met elkaar vergeleken. Er waren 
significante verschillen tussen de twee typen beeldinterpretatie: perceptie was dominant bij 
interpretatie van volumetrische beelden, terwijl synthese juist dominant was bij interpretatie 
van 2D beelden. Deze bevinding hangt mogelijk samen met het verschil in de hoeveelheid 
beeldinformatie die de studenten moesten verwerken. Omdat volumetrische beelden meer 
visuele informatie bevatten, speelt perceptie een belangrijkere rol dan bij de interpretatie 
van 2D beelden. 2D Beelden bevatten minder visuele informatie, waardoor er relatief gezien 
meer ruimte over is voor synthese.  

hoofdstuk 4 is een literatuurstudie naar het verband tussen visuele zoekpatronen en diag-
nostische prestaties. Visuele zoekpatronen worden traditioneel onderzocht met behulp van 
het volgen van oogbewegingen. We zochten in zes elektronische zoekmachines naar relevante 
onderzoeken en hebben de resultaten verzameld en op een rij gezet. De oogbeweging studies 
tonen aan dat de ogen van experts sneller naar de afwijking toe gaan dan de ogen van minder 
gevorderden, en dat de experts minder lang nodig hebben om het beeld te bekijken. De 
experts maken ook langere oogbewegingen en blijven minder vaak met hun ogen ‘ergens 
hangen’. Deze bevindingen bevestigen de gedachte dat experts de capaciteit hebben om 
belangrijke informatie op een efficiënte manier te verzamelen en dat zij gebruik maken van 
een grote visuele reikwijdte. De bevindingen zijn ook in lijn met de global-focal search theo-
rieën. Deze theorieën beweren dat experts het beeld vooral op een snelle en globale manier 
bekijken, terwijl beginners juist een langzame, focale zoekstrategie bezigen, waarbij zij stukje 
voor stukje het beeld afspeuren. 

Radiology training and assessment methods 
In hoofdstuk 5 hebben we onderzocht of we de perceptie van radiologen in opleiding 
kunnen verbeteren door middel van training in zoek strategieën. We gebruikten hiervoor 
twee zoekstrategieën: ‘drilling’ en ‘scanning’. De onderzoeksgroep van Drew en collega`s 
in de United States had eerder ontdekt dat deze twee zoekpatronen gebruikt werden door 
radiologen voor het zoeken naar longafwijkingen in CT scans. ‘Drillers’ focussen hun blik op 
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één gebied in het dwarsdoorsnede beeld, terwijl zij door de scan heen scrollen, en vervolgens 
focussen ze op een ander gebied in het beeld, waar zij dan weer doorheen scrollen. ‘Scanners’ 
daarentegen bekijken het complete beeld voordat zij verder scrollen naar de volgende dwars-
doorsnede. In onze studie onderzochten we negentien eerste- en tweedejaars radiologen in 
opleiding. Ze kregen drie perceptie testen waarin ze naar longafwijkingen moesten zoeken. 
De eerste test was een baseline test waarin ze hun zoekstrategie zelf mochten bepalen. Voor 
de tweede en derde test kregen ze een zoekstrategie instructie, één keer een drilling instructie 
en de andere keer een scanning instructie. De zoekstrategie bleek een significant effect te 
hebben op het zoekgedrag en de perceptie van de proefpersonen. De scanning instructie had 
een negatief effect op het aantal juist positieven, terwijl de drilling instructie geen significant 
effect had. Een vragenlijst onthulde dat het grootste deel van de proefpersonen uit zichzelf 
al een soort drilling strategie hanteerde. Dit kan verklaren dat het effect van de drilling 
instructie op het aantal juist positieve beoordelingen uitbleef. Echter, de drilling instructie 
had wel een verlagend effect op het aantal vals positieve beoordelingen, wat gezien kan 
worden als een positief effect van de instructie op de perceptie.  

In hoofdstuk 6 wordt de ‘stepwise-reasoning approach‘ (stapsgewijze redenering) beschre-
ven en onderzocht. Dit is een toetsmethode die werd gebruikt met als doel om meer inzicht 
te krijgen in waar in het beeldinterpretatie proces fouten optreden. De stepwise-reasoning 
approach is een vraag-format waarin het beeldinterpretatie proces wordt getoetst in stap-
pen: perceptie, analyse en synthese. De testresultaten van 109 medisch studenten werden 
geanalyseerd en de gemaakte fouten werden gecategoriseerd in perceptie, analyse en synthese 
fouten. Meer dan driekwart van de gemaakte fouten kon worden gerelateerd aan één van 
de drie componenten. Daarnaast kon aanvullende informatie verkregen worden over de 
leerprestaties van de studenten: partiële kennis en latente fouten werden vastgesteld in een 
kwart van de casus. Een latente fout was aanwezig wanneer een correcte diagnose werd 
gegeven, terwijl de afwijking niet was herkend en/of niet goed was geanalyseerd. Partiële 
kennis werd geïdentificeerd wanneer een afwijking juist was herkend en/of geanalyseerd, 
maar een onjuiste diagnose werd gesteld.   

In hoofdstuk 7 introduceren we een toetsmethode voor het testen van beeldinterpretatie 
met behulp van een digitale simulatie. De ontwikkelde toetsmethode maakt gebruik van volu-
metrische en 2D beelden uit de praktijk, die door de kandidaten interactief bekeken konden 
worden zoals dit ook in de klinische praktijk gebeurt (scrollen, vensterinstelling aanpassen, 
reconstructies maken). Hiervoor werd een digitale applicatie gebruikt met geavanceerde 
beeldbewerkingsmogelijkheden. De toetsmethode werd ontwikkeld om de authenticiteit 
van het toetsen van beeldinterpretatie in de specialistenopleiding radiologie te verbeteren. 
De methode werd toegepast op de voortgangstoets (VGT) radiologie. Het implementatie 
en ontwikkelingsproces van drie toetsafnames werd geëvalueerd. De authenticiteit van de 
digitale toets werd vergeleken met eerdere papieren toetsen. Vanwege de technische beper-
kingen was het een uitdaging om tegemoet te komen aan de hoge standaarden die worden 
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ondervonden in de klinische praktijk. Vele factoren moesten geoptimaliseerd worden om de 
authenticiteit te verbeteren, zoals de beeldbewerkingsmogelijkheden, het omgevingslicht, de 
tijdslimieten en de vraagtypen.  

conclusies 
De resultaten van deze studies dragen bij aan het begrip over de ontwikkeling van expertise 
in beeldinterpretatie. We hebben kennis en vaardigheden geïdentificeerd die belangrijk zijn 
voor het interpreteren van 2D en volumetrische beelden. We hebben aangetoond dat gebruik 
van deze kennis en vaardigheden verschilt tussen het interpreteren van 2D en volumetrische 
beelden. Zoekpatronen verschillen tussen expertise levels en het aanleren van een zoekstrate-
gie kan de beeldinterpretatie verbeteren.

De resultaten dragen ook bij aan de ontwikkeling van onderwijs- en toetsmethoden in 
de radiologie door het aanreiken van verschillende instrumenten. Het raamwerk van kennis 
en vaardigheden kan gebruikt worden als een richtlijn voor het ontwikkelen van radiologie 
onderwijs, bijvoorbeeld als template voor leerdoelen of voor een toetsmatrijs. Twee toetsme-
thoden werden ontwikkeld die in de praktijk toegepast kunnen worden: een methode die 
gebruikt kan worden om beter inzicht te krijgen in typen fouten en leerprestaties, en een 
methode die de authenticiteit van toetsing van radiologie toetsen kan verbeteren. Deze 
methoden kunnen worden gebruikt om het ontwikkelen van expertise in beeldinterpretatie 
te bevorderen. 
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dAnKWoord

In 2011 werd ik tijdens een weekenddienst in het Gelre Ziekenhuis in Apeldoorn gebeld 
door een collega: hij wist echt iets heel moois voor mij - een promotieplek over onderwijs 
in de radiologie. Een week later had ik een gesprek bij professor Van Schaik en daarna was 
het verzoek of ik binnen een week wilde laten weten of ik aan de promotie wilde beginnen. 
Het was geen moeilijke keuze. Als dochter van twee docenten heb ik een voorliefde voor 
onderwijs en het vak radiologie had mij in de eerste fase van mijn opleiding gegrepen. Een 
perfecte combinatie dus. 

Ik heb geen moment spijt gehad van deze keuze. Het promotietraject heeft mij heel veel 
mogelijkheden gegeven, die ik dankbaar heb aangegrepen. Ik heb kansen gekregen waar ik 
aan het begin van het traject geen rekening mee had gehouden en ik heb ontzettend veel 
geleerd van de verschillende uitdagingen die je tegenkomt tijdens het promoveren. 

Dit proefschrift is tot stand gekomen dankzij hulp van velen. In de eerste plaats dankzij 
alle studenten, coassistenten, arts-assistenten en experts die mee hebben gedaan aan de 
onderzoeken in dit proefschrift. Dankzij hen zijn we meer te weten gekomen over hoe radi-
ologische kennis en vaardigheden zich ontwikkelen en hoe we het onderwijs in de radiologie 
kunnen verbeteren. 

Ik had dit traject nooit kunnen volbrengen zonder alle geweldige begeleiders en collega’s 
om mij heen. Jullie enthousiasme, expertise en vertrouwen hebben mij enorm gemotiveerd 
de afgelopen jaren. 

Ik mag mijzelf gelukkig prijzen met heel veel lieve familie en vrienden. Met jullie samen 
zijn, daar krijg ik enorm veel energie van! Ik ben jullie dankbaar voor alle liefde die ik van 
jullie krijg! 

Een aantal mensen zou ik graag in het bijzonder willen bedanken:

Promotor, Prof. dr. Van Schaik, Jan, bedankt voor alle mogelijkheden en kansen die je me 
hebt gegeven. Je bent iemand die mogelijkheden ziet en geen obstakels. Je hebt een enorme 
drive om te blijven innoveren waar je dat nodig acht. Jij maakt je steeds opnieuw hard voor 
verbeteringen in het radiologieonderwijs, en krijgt het steeds voor elkaar. Ik denk dat niet 
iedereen ziet wat jij allemaal doet en wat je allemaal hebt bereikt, doordat je niet graag in de 
belangstelling staat. Ik heb het wel gezien en ik bewonder jou hierom. Jij hebt mij steeds alle 
ruimte gegeven om mij te ontwikkelen en daar ben ik je heel dankbaar voor. 

Promotor, Prof. dr. Ten Cate, Olle, het was een voorrecht om bij jou te mogen promoveren. 
Je bent een zeer integere, kundige, scherpe en intrinsiek gemotiveerde wetenschapper. Jouw 
ideeën worden wereldwijd toegepast in het medisch onderwijs. Jouw werk is goed doordacht 
en raak. De feedback die ik van jou krijg is steeds scherp en creatief, met oog voor het 
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lezerspubliek. Daarnaast is de hoeveelheid werk die jij verzet bewonderenswaardig. Toen 
ik voorstelde om een tijdje bij UCSF onderzoek te gaan doen, was je meteen enthousiast. 
Bedankt dat je mij die kans hebt gegeven. Ik vind het bijzonder dat ik zoveel van jouw 
expertise heb mogen leren. 

Co-promotor, Marieke, ongelofelijk wat een energie heb jij! En dan steeds blijven zeggen 
dat ik zoveel energie heb… Een artikel lag zelden langer dan een paar dagen bij jou op het 
bureau. Je kan ontzettend goed schrijven en bent een enorm gedreven onderzoeker. Ondanks 
jouw drukke agenda heb jij altijd wel tijd om even te bellen, mailen of af te spreken. Jouw 
onderwijskundige expertise is echt een hele belangrijke pijler in ons team, en jouw positieve 
instelling en enthousiasme werken aanstekelijk. Ik ben ontzettend blij dat je erbij bent. 
Bedankt voor al jouw expertise, toewijding en energie. 

Co-promotor, Irene, onze geschiedenis gaat terug naar mijn studententijd, toen ik als stu-
dent onderzoek deed en bij jou op de kamer kwam. Ik lustte de dropjes die jij niet lustte dus 
dat was een mooie basis als kamergenoten. In de tussentijd is er veel veranderd en heb ik je 
mogen leren kennen als een enorm gedreven persoon, net zoals je zus. Jij gáát ergens voor, 
dat vind ik mooi. Als co-promotor was je dan ook heel resultaatgericht en had jij altijd met 
een schuin oog de planning van de artikelen in de gaten. Je stelde kritische vragen en waakte 
ervoor dat de artikelen ook voor radiologen goed leesbaar waren. Jouw doelgerichtheid en 
jouw kritische blik hebben mij gedreven en bijgestuurd. Bedankt voor deze sturing tijdens 
mijn promotietraject.

Cécile, mijn onderzoeksmaatje, tja waar te beginnen. Jij bent onlosmakelijk verbonden 
aan mijn proefschrift en mijn promotietijd. We hebben ontzettend veel samengewerkt aan 
verschillende subsidieprojecten, onderwijsontwikkelingen en artikelen. Het liefst bespraken 
we alles in detail met elkaar. Vaak kwamen we in deze discussies dan weer op allerlei nieuwe 
ideeën die we wilden gaan oppakken. Wat een inspiratie en energie kreeg ik daar altijd van! 
En nog steeds! Je hebt zo’n enorme drive en daarmee lukt het je om jouw verschillende 
passies met elkaar te combineren. Ik heb gezien hoe hard je hebt gewerkt (en nog steeds) en 
heb er enorm veel bewondering voor. We vinden allebei dat we elkaar heel goed aanvullen, 
en daar maken we dan ook heel veel en heel graag gebruik van. Ik hoop in de toekomst nog 
heel veel samen te kunnen werken en samen te kunnen delen.

Louise, mijn opleidingsmaatje, wat hebben wij veel samen meegemaakt. Vooral tijdens de 
eerste drie jaar van onze opleiding in Apeldoorn. We begonnen tegelijk aan onze opleiding 
en we waren meteen een twee-eenheid. Hoewel we niet op elkaar lijken, haalden velen ons 
vaak door elkaar. Wat hebben wij veel (en hard) gelachen samen, zowel binnen als buiten 
de verslagkamer… In de Komeet, de BIT en tijdens het handsfree bellen in de auto. Waar 
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niet eigenlijk. Het was een intensieve tijd, met veel mooie momenten waar we nog vaak aan 
memoreren als we afspreken met de collega’s van toen. Extra bijzonder vind ik het dat jij nu 
in de maatschap zit waar wij beiden door zijn opgeleid. Ik ben blij dat wij opleidingsmaatjes 
waren! 

Koen en Chris, jullie kan ik eigenlijk alleen maar gezamenlijk bedanken. Wat een duo; en 
wat heb ik veel lol met jullie gehad de afgelopen jaren. Met jullie is het nooit saai! We begri-
jpen elkaar niet altijd meteen – de ICT taal en dokterstaal komen niet altijd overeen – en dat 
zorgt altijd voor veel hilariteit. Jullie zijn een geweldige combinatie samen en vullen elkaar 
feilloos aan. Ik vond het geweldig dat jullie in San Francisco langs zijn geweest. Zonder jullie 
aanwezigheid was het onderzoeksproject bij UCSF niet gelukt. Natuurlijk was het ook niet 
verkeerd om daar een tijdje samen op te trekken. We weten onze werkbezoeken altijd goed 
te combineren met de geneugten van het leven; goed eten en goede wijn. Als ik er een keer 
niet bij kan zijn, dan krijg ik meestal wel een foto doorgestuurd met de (Italiaanse) wijn waar 
de keuze op is gevallen. Ik ben blij dat we de komende tijd nog veel samen gaan werken!

De sprekers van het symposium, Geoff Norman, Halszka Jarodzka, David Naeger, Cécile 
Ravesloot, Laura Zwaan en Ellen Kok, bedankt voor jullie bijdrage aan het symposium. 
Jullie zijn allen zeer gewaardeerde sprekers en ik voel me vereerd dat jullie allen meteen 
enthousiast waren om te komen spreken. 

Dave, a special thanks to you as my supervisor during my visiting scholarship at UCSF. 
It was a great pleasure to work with you. You are smart, creative and goal oriented. Our 
brainstorm sessions were very inspiring and always gave rise to several new ideas for papers 
and research projects. The way you inspire young doctors and how you give them their first 
experience with radiology is very special. I hope we will get the chance to continue our 
collaboration in the future.  

De staf van de divisie beeld, jullie creëren een klimaat waarin de combinatie van patiën-
tenzorg, onderzoek en onderwijs wordt gestimuleerd en wordt ondersteund. Ik voel me 
bevoorrecht dat ik door jullie ben opgeleid en ben ontzettend blij dat ik jullie mag gaan 
versterken. Als ik aan de divisie beeld denk, en als ik erover praat met anderen, dan ben ik 
trots op de afdeling. Ik vind het bijzonder dat je je op onze afdeling kan ontwikkelen op een 
manier die bij je past. Als je ambitie hebt, dan krijg je de ruimte om hier iets mee te doen. 
Dat heb ik als ontzettend stimulerend ervaren, bedankt!

De neuro-sectie, jullie wil ik in het bijzonder bedanken voor jullie support de afgelopen 
jaren. De afronding van mijn proefschrift moest gecombineerd worden met de kliniek. Dat 
is gelukt mede dankzij jullie flexibiliteit, collegialiteit en de goede werksfeer. Iedereen staat 
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steeds voor elkaar klaar om van alles voor elkaar over te nemen en met elkaar mee te kijken. 
De consensus meetings zijn zo’n beetje een dagelijkse aangelegenheid. Het niveau van de 
neuroradiologie ligt heel erg hoog en ik ben heel blij dat jullie mijn leermeesters zijn. Het is 
een feest om met jullie te mogen werken! 

Dik, nog even een apart woordje aan jou gericht: jij hebt een bijzondere bijdrage gehad aan 
mijn promotietraject, vanuit de examencommissie en als differentiatie- en fellowshipopleider 
van de parallelle opleidingstrajecten. Ik waardeer je om jouw heldere kijk op zaken en jouw 
zuivere manier van redeneren. Ook waardeer ik je om jouw enorme betrokkenheid, interesse 
en droge humor. Ik heb ontzettend veel zin om samen met jou het onderwijs avontuur aan 
te gaan.

De maatschap radiologie in Apeldoorn, jullie hebben een belangrijke bijdrage gehad aan 
mijn ontwikkeling als radioloog. Ik vind jullie een hele bijzondere opleidingsgroep, met 
veel oog voor kwaliteit en persoonlijke aandacht. Jullie geven veel prioriteit aan opleiden en 
proberen bij iedereen alles eruit te halen wat erin zit. In Apeldoorn wordt je zogezegd ook 
‘breed opgeleid’ wat betekent dat er ook veel extra-curriculaire activiteiten zijn. Ik heb mijn 
opleidingstijd in Apeldoorn ervaren als een hele intensieve periode waarin we een hechte 
band met elkaar hebben opgebouwd. Ik denk dan ook nog vaak met heel veel plezier terug 
aan mijn tijd in het Gelre!

Leden en oud-leden van de examencommissie, bedankt voor de goede samenwerking bij 
het digitaliseren van de voortgangstoets (VGT). Jullie enthousiasme en flexibiliteit waren de 
sleutel voor het slagen van het project. Ik ben erg dankbaar voor al het extra werk dat jullie 
hebben verzet om het project te laten slagen. De examencommissie van de NVvR loopt 
voorop in toetsing in de specialistenopleiding. Ik ben dan ook heel blij dat ik inmiddels ook 
deel mag uitmaken van deze mooie commissie en hoop dat we samen nog veel verbeterslagen 
zullen maken. 

SURF projectleden, ik wil iedereen die mee heeft gewerkt in de SURF subsidieprojecten 
heel erg bedanken voor de goede, vruchtbare samenwerking. De sfeer in de projectteams was 
heel positief, en iedereen was bereid om een stapje extra te zetten als dat nodig was. Deze 
instelling heeft geleid tot hele mooie projectresultaten, waar jullie trots op kunnen zijn. 
Bedankt voor de mooie tijd en hopelijk ontmoeten we elkaar weer in toekomstige projecten!

SURF en haar medewerkers, bedankt voor jullie bijdragen aan de mooie subsidieprojecten 
die mede door jullie steun mogelijk zijn gemaakt. Bedankt dat de deur altijd open stond voor 
vragen, en voor het delen van alle kennis en kunde. 
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Bobby, Mirja en Larissa, bedankt voor jullie bijdragen als (destijds) studenten onderwi-
jskunde. Jullie zijn inmiddels allemaal zeer verdienstelijk afgestudeerd en allemaal gaan 
promoveren! Zonder uitzondering hebben jullie prachtige onderzoeksprojecten afgerond. 
Bobby, jij bent intussen zelf gepromoveerd en bent mijn statistische vraagbaak geworden. Je 
bent zo goed in statistiek dat je zelf nieuwe statistische methoden bedenkt. En het bijzondere 
is, dat je het ook nog heel goed kan uitleggen! Dat is een bijzondere combinatie en daar 
maak ik dankbaar gebruik van. Bedankt voor al jouw hulp en hopelijk kunnen we nog veel 
samenwerken in de toekomst.

Mede-onderzoekers, bedankt voor jullie collegialiteit, behulpzaamheid en gezelligheid. De 
gezamenlijke lunches, koffie-momentjes en andere festiviteiten hebben mijn promotietijd 
extra leven in geblazen. 

Kamergenootjes van de vissenkom, bedankt voor de mooie jaren! De eerste jaren heb ik 
periodes intensief in de vissenkom doorgebracht en hebben we veel met elkaar gedeeld, 
zowel mooie als verdrietige momenten. Ik heb veel mooie herinneringen aan de vissenkom: 
submissie-chips, de vele rondjes thee, en de vissenkomuitjes. De laatste jaren kwam ik soms 
even binnenvliegen of een dagje met mijn koptelefoon op typen, omdat de uurtjes die ik 
aan mijn proefschrift kon besteden kostbaar waren. Het was fijn dat daarmee rekening werd 
gehouden en dat er hard gewerkt kon worden in de vissenkom! Bedankt voor alle gezel-
ligheid en support. 

Josephine, voor jou een speciaal bedankje: voorafgaand aan je radiologie-opleiding heb je 
een tijdje meegewerkt aan onderwijs- en onderzoeksprojecten van Cécile en mij. Je bent een 
heel harde werker, die altijd aan anderen denkt. Je hebt niet alleen heel veel data verzameld, 
je dacht ook ontzettend goed mee in de uitvoering van de onderzoeken. Jouw hulp was 
onmisbaar! Daarnaast ben je een ontzettend sociaal persoon met oog voor de medemens. 
Bedankt voor jouw hulp en betrokkenheid!

Alle aios waarmee ik heb gewerkt, bedankt voor de goede samenwerking, flexibiliteit, col-
legialiteit en ook heel veel gezelligheid in de afgelopen jaren. Veel van jullie zijn niet alleen 
collega’s, maar ook vrienden geworden door de tijd die we samen hebben gewerkt. Iedereen 
is inmiddels uitgewaaid, maar gelukkig blijven we elkaar nog zien op congressen en andere 
gelegenheden. De eetclub: het is heerlijk om met jullie samen verhalen op te halen van onze 
opleidingstijd in Apeldoorn. De avonden met jullie zijn goud waard! Laten we dat erin 
houden!

De onderwijsassistenten, jullie wil ik enorm bedanken voor jullie hulp en medewerking in 
de verschillende SURF projecten. Jullie hebben er mede voor gezorgd dat deze projecten 



Appendix

172

geslaagd zijn en dat er meerdere verbeteringen in de onderwijspraktijk konden worden 
doorgevoerd. 

Deelnemers van CTL, ik heb verschillende generaties meegemaakt en was vanwege de com-
binatie met de kliniek wisselend aanwezig. Ik heb de discussies tijdens CTL ervaren als een 
verrijking. Het was mooi om iets mee te krijgen van alle andere onderzoeken in het medisch 
onderwijs in Utrecht en goed om het onderzoek in een groter geheel te kunnen zien. Allen 
bedankt voor het discussiëren, meedenken en inspireren! Eugène Custers, bedankt voor 
jouw jarenlange inzet voor CTL en OIP, en voor het meelezen van enkele van mijn stukken.   

The PhD students for Medical Education at UCSF, thank you for having me in your doc-
toral seminars. It was a pleasure to participate in the program during my time at UCSF: I 
was impressed by the level of the discussions and the level of your scientific work and I felt 
honored to be part of it. Patricia O`Sullivan, Pat, a special thanks to you for your hospitality 
and for giving me the opportunity to participate in all sorts of Medical Education meetings 
at USCF.

Het NVvR bureau, jullie hebben een hele belangrijke rol gespeeld bij het SURF project 
aangaande de digitalisering van de VGT . Mede dankzij jullie is de digitale VGT nu de 
nieuwe onderwijspraktijk. Ik vond het een hele fijne samenwerking. Ivonne, ik vind het heel 
knap hoe jij je de materie in korte tijd hebt eigen gemaakt, terwijl we middenin de transitie 
zaten. Je bent een goede, stabiele basis waar je op kan bouwen en jouw werk is precies en 
doordacht. Ik ben blij dat ik weer met je mag samenwerken vanuit de examencommissie.

Het onderwijs-secretariaat, Linda en Amanda, ik kan me eigenlijk niet herinneren hoe het 
was voordat jullie er waren. Voor mij zijn jullie het onderwijs-secretariaat en zijn jullie dat 
altijd geweest. Jullie hebben in vele verschillende onderwijsprojecten en lopende onderwi-
jszaken een heel belangrijke rol. Dit geldt voor het lokale, regionale en landelijke onderwijs. 
De kennis en ervaring die jullie op dat front hebben is heel waardevol en ik ben blij dat ik 
daar gebruik van heb kunnen maken. Ondanks dat jullie het heel druk hadden hebben jullie 
mij geholpen bij de organisatie van het symposium, wat heel erg fijn was. Bedankt voor al 
jullie hulp!  

Het stafsecretariaat, ook jullie zijn voor mij een vaste baken op het werk. Jullie staan altijd 
klaar voor anderen. Als ik bij jullie binnenloop, geven jullie me het gevoel dat ik de eerste 
ben die dag (wat natuurlijk niet zo is want men loopt aan de lopende band binnen). Dat is 
een uitstraling die uniek is en die ik enorm waardeer. Daar mogen jullie trots op zijn!
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Het bedrijfsbureau, ik heb de afgelopen jaren veel met jullie te maken gehad vanwege de vele 
subsidieprojecten. Aangezien ik zelf nogal weinig verstand heb van financiën ben ik erg blij 
dat jullie mij daarbij ondersteund hebben! Nieuwe termen als matching, overhead en derde 
geldstroom kregen door jullie betekenis. Marieke Krispijn, voor jou speciale dank voor het 
ondersteunen van de SURF projecten. Dat was een behoorlijke klus en zonder jou had ik 
het niet gekund. 

Medewerkers van de fotografie/multimedia, het is altijd een feestje om bij jullie binnen 
te lopen en jullie staan altijd voor een ander klaar. Jullie hebben mij op vele momenten 
geholpen bij allerlei uiteenlopende zaken in mijn promotietraject. Ook nu bij de organisatie 
van het symposium waren jullie weer onmisbaar, voor het maken van foto’s, de website en 
uitnodigingen. Bedankt dat jullie er zijn!

De 57000, wat moet een promovendus zonder jullie? Als de computer je in de steek laat, 
staan jullie altijd klaar om de boel zo snel mogelijk op te lossen. De magie van het opnieuw 
opstarten is ongelofelijk, maar als dat niet helpt, dan weet ik het echt niet meer en ben ik blij 
dat ik jullie heb! Bedankt! 

Vrienden en vriendinnetjes, vrienden van vroeger, de studententijd, de jaarclub, mijn roe-
iploeg en van de schaatsclub, jullie zijn een heel belangrijk deel van mijn leven. Eén van 
mijn grootste hobby’s is afspreken met jullie, en dan het liefst rond borreltijd. De afgelopen 
maanden is het er wat minder van gekomen door de afronding van mijn proefschrift en ben 
ik wat minder proactief geweest in onze vriendschappen. Toch bleven jullie mij allemaal 
trouw en waren jullie er voor me. Na mijn promotie zal ik er ook weer meer voor jullie zijn, 
ik kijk ernaar uit!

Lieve familie, aanhang en kids, wat is het fijn als je familie ook je vrienden zijn, en je 
ze precies zo uit had gekozen als dat had gekund. We hebben allemaal een druk bestaan 
maar toch plannen we regelmatig samen borrels, etentjes of vakanties en dat vind ik heel 
waardevol. Jullie zijn heel belangrijk voor mij. Jullie zijn altijd heel betrokken geweest bij het 
promotietraject, leefden met mij mee en waren geïnteresseerd in alle verhalen over artikelen, 
presentaties en subsidieaanvragen. Rutger, ik vind het heel bijzonder dat jij mijn kaft wilde 
ontwerpen. Jouw oog voor fotografie en design komt heel mooi naar voren in het ontwerp. 
Bedankt voor deze mooie bijdrage aan mijn proefschrift.

Pap en mam, jullie hebben mij altijd gestimuleerd om alles uit mezelf te halen. Maar zonder 
het mij op te leggen, altijd vanuit het positieve en door mij aan te moedigen datgene te 
kiezen wat ik zelf graag wilde. Het onderwijs zit in de genen en ik wilde eigenlijk juf worden. 
Dat is het uiteindelijk toch niet geworden. Maar het onderwijs blijft kriebelen, en ik heb 



Appendix

174

een manier gevonden om dat in mijn werk een prominente plek te geven. Jullie hebben mij 
altijd geholpen bij het maken van keuzes, en mij gesteund in de weg die ik inging. Jullie zijn 
oprecht geïnteresseerd in wat ik doe. Ik ben dankbaar voor jullie onvoorwaardelijke liefde. 
Ik had me geen betere ouders kunnen wensen. 

Herman, zonder jou was het mij zeker niet gelukt. Jij kent mij echt, je waardeert mij zoals 
ik ben, en je weet mij door moeilijke periodes heen te helpen. Ik geniet van ons leven en de 
grapjes en gewoonten die we samen hebben. Je bent de beste en de liefste. Je weet niet half 
hoeveel ik van je hou.
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