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This thesis focuses on the malignancy risk assessment of pulmonary nodules detected on 
thoracic computed tomography scans in a screening setting. This first chapter provides 
some background information on lung cancer, the technique of low-dose computed 
tomography (CT), the basic concepts of lung cancer screening, and the definition and 
type of pulmonary nodules. Thereafter an introduction into clinical scoring systems, 
computer-aided detection of pulmonary nodules and the evaluation metrics used in this 
thesis is given. At last, an outline of the thesis is described. 

Lung cancer

Lung cancer is the most common and deadliest cancer worldwide in both men and 
women, with 1.8 million deaths yearly [1]. In the Netherlands, 10,391 patients died from 
lung cancer in 2017, while 13,300 new patients were diagnosed with lung cancer in 2018 
[2,3]. Figure 1.1 shows the estimated number of new lung cancer cases and lung cancer 
related mortality in 2018 in the United States of America (USA) [4].

Despite improvements in surgical treatment options, chemotherapy, radiotherapy and 
immunotherapy, the 5-year survival rate remains low with only 19% in the Netherlands 
[5] and 18% in the USA. Patient survival is strongly dependent on the stage of disease 
at time of diagnosis. The 5-year survival ranges from 56% for early stage disease to only 
5% for advanced stages of the disease [4]. Due to the fact that early-stage lung cancer 
rarely causes symptoms, only 16% of all lung cancers are currently diagnosed at an early 
stage [4]. In most patients with symptoms, the disease has already spread to other parts 
of the body. However, if lung cancer is detected at an early stage, more curative treatment 
options are available. Therefore, early detection of lung cancer is crucial in the battle 
against lung cancer. 

There are multiple risk factors for the development of lung cancer, such as asbestos, 
radon gas and air pollution, but the most important risk factor is by far the use of tobacco 
including secondhand smoke, with 70% of global lung cancer deaths being related to 
tobacco use [1]. Obviously, the best way to reduce lung cancer mortality would be 
cessation of smoking. Since limiting smoking, however, has thus far only been partially 
successful, tobacco use is still contributing substantially to the development of cancer 
worldwide. 
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Figure 1.1: Estimates of new cancer cases and deaths for 2018. Courtesy of image to the American 
Cancer Society.

Lung cancer screening 

During the last two decades, several randomized controlled trials have been conducted 
worldwide to investigate whether early detection of lung cancer and thereby a decrease in 
lung cancer-related mortality could be realized through screening of high-risk individuals 
using low-dose computed tomography. 

Computed tomography (CT) is an imaging procedure that is widely used in daily 
radiological practice. It uses X-rays to obtain images using their penetrating ability and 
absorption characteristics by various parts in the human body and can be obtained 
at different dose levels. Figure 1.2 shows an example of a chest CT scan. In screening 
programs, it is crucial to reduce the radiation dose of the CT scans as much as possible still 
providing an image quality sufficient for the purpose of the scan. The detection of focal 
nodular densities in lung parenchyma is especially amenable for low-dose CT technique 
since nodules represent relatively high contrast objects surrounded by low absorption 
aerated lung parenchyma.  Lung cancer screening trials used a radiation dose of around 
1.5 mSv per scan, which is comparable to 6 months of natural background radiation. 
For comparison, a regular-dose CT scan of 7 mSv is comparable to 2 years of natural 
background radiation [6]. 
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1Figure 1.2: Example of a chest CT scan in three projection planes. From left to right: sagittal, coronal, 
and axial. Images courtesy of the Danish Lung Cancer Screening Trial.

In these screening trials, high-risk individuals were defined as older and heavy smokers. 
Table 1.1 shows an overview of the largest lung cancer screening trials conducted in the 
United States and Europe. 

The largest lung cancer screening trial was conducted in the United States, the National 
Lung Screening Trial (NLST). The NLST compared low-dose CT to chest radiography 
and included 53,454 participants [7]. All subjects were randomly assigned to three 
annual screening rounds of either low-dose chest computed tomography scans or 
chest radiography. The primary aim of the NLST was to determine whether low-dose CT, 
compared to chest x-ray, could reduce lung cancer mortality in high-risk subjects. In 2013, 
the results were published. After three annual screening rounds and a follow-up period of 
4 years, a reduction in lung cancer mortality of 20% was found in the low-dose CT group 
compared to the chest x-ray group [7]. The NLST was the first study that provided scientific 
evidence that lung cancer screening can significantly reduce lung cancer mortality.

As a result of this study and various follow-up studies, lung cancer screening with low-
dose CT is now being recommended by several U.S. organizations. Implementation of 
lung cancer screening programs has started in the U.S. after the U.S. Preventative Services 
Task Force (USPSTF) has given low-dose CT screening a grade B recommendation for high-
risk subjects and the U.S. Centers for Medicare and Medicaid Services (CMS) has approved 
lung cancer screening for Medicare recipients when the inclusion criteria are met. Lung 
cancer screening is reimbursed for eligible subjects by the private health care insurance 
companies and Medicare [8, 9]. Eligible subjects who can enter a lung cancer screening 
program are specified to be between 55 and 77 years old, have no symptoms, have a 
smoking history of at least 30 pack-years and are either current smokers or have quitted 
smoking within the last 15 years. 

In chapter 3 of this thesis data of the NLST was used.



12   |   Chapter 1

In Europe, various trials have been conducted where low-dose CT was compared to 
no screening [10-15]. The Dutch-Belgian NELSON trial has been the largest with 15,822 
included subjects. The primary aim of the NELSON trial is to investigate whether lung 
cancer screening with low-dose CT in high-risk participants will lead to a 10-year lung 
cancer mortality reduction of 25% compared to a control group without screening [10]. 
The primary outcomes of the NELSON trial were presented at the International Association 
for the study of Lung Cancer (IASLC) 19th World Conference on Lung Cancer in September 
2018 in Toronto, Canada [16], stating that CT screening among high-risk, yet asymptomatic 
men, resulted in a 26% reduction in lung cancer death at 10 years of follow-up. In the 
smaller subset of women, the rate-ratio for lung cancer mortality indicated a significant 
and even larger reduction in lung cancer mortality. However, no publication had been 
issued yet by the time of preparing this PhD manuscript. 

In chapter 2 of this thesis data from the NELSON trial were used.

The Danish Lung Cancer Trial (DLCST) is a smaller trial in which 4042 participants were 
included and were assigned to either no screening or five annual rounds of low-dose chest 
CT scans. Recently, the results of the DLCST have been published: they found no statistical 
significant effects of low-dose CT screening on lung cancer mortality, largely because 
this trial was not powered to find a statistically significant result. However, the results did 
show trends that seem to be in good agreement with the results of the NLST [17]. For 
example, for the subgroup of participants with both COPD and more than 35 pack-years 
of smoking, the risk of death due to lung cancer was significantly increased, indicating 
that high-risk profiling has important implications on the outcome of cancer and non-
cancer related mortality. Furthermore, a relative lung cancer stage shift was observed 
between the screening and the control group, and an absolute stage shift was observed 
for the highest lung cancer stage (T4N3M1), which was seen in the control group [17]. 

In chapters 4, 5 and 6 data from the DLCST were used. 

The European Society of Radiology (ESR) and the European Respiratory Society (ERS) as well 
as experts from the eight European countries that have executed lung cancer screening 
trials [18, 19,20], provided recommendations for lung cancer screening in Europe, based 
on the current available evidence. According to their recommendations, lung cancer 
screening should be conducted in comprehensive, quality-assured, longitudinal programs 
at certified multidisciplinary medical centers. 
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Table 1.1: Overview of lung cancer screening trials
Trial Country Start trial Screening 

rounds
Participants Compare

NLST United States 2002 3 53,454 LDCT, chest X-ray
NELSON The Netherlands, 

Belgium
2003 4 15,822 LDCT, control

UKLS Great Britain 2012 1 3,2000 (planned) LDCT, control
MILD Italy 2005 5 or 10 4,099 LDCT, control
LUSI Germany 2007 5 4,052 LDCT, control
DLCST Denmark 2004 5 4,104 LDCT, control
ITALUNG Italy 2004 4 3,206 LDCT, control
DANTE Italy 2001 5 2,811 LDCT, control

Table source: Heuvelmans, Vliegenthart R, Oudkerk M. J Thorac Imaging 2015;30(2):101-107. 
Contributions of European Trials (European randomized screening group) in computed tomography 
lung cancer screening.

Pulmonary nodules

Early stage lung cancer manifests itself as pulmonary nodules, which are defined by the 
Fleischner Glossary as “round opacities, well or poorly defined, measuring up to 3 cm in 
diameter” [21]. Pulmonary nodules can be either solid, part-solid or pure ground-glass. The 
latter two are also known as subsolid nodules. Solid nodules are by far the most common 
type of nodules and are visible on CT scans with homogeneous soft-tissue attenuation. 
Pure ground-glass nodules have a hazy increased attenuation in the lung that does 
not obliterate the bronchial or vascular margins. And part-solid (or semisolid nodules) 
consist of both attenuation components: they have a solid or soft tissue component and a 
ground-glass component [21]. Figure 1.3 shows an example of each nodule type.

Other than the three main nodule types, there are two typically benign nodule types 
that will be introduced here. First, there are the calcified nodules. These nodules contain 
calcifications, that have a similar high attenuation on the CT scan as osseous structures. 
Secondly, there are the perifissural nodules (PFNs). These nodules are mostly observed 
in the basal parts of the lung below the level of the carina. They are visible on the CT 
scan as small solid nodules, typically with a triangular or ovoid shape, attached to the 
pleural fissure or less than 15 mm apart of the pleura. During follow-up some may show 
growth but none of them represented lung cancer when surgically removed in the trials, 
but turned out to be intrapulmonary lymph nodes. Therefore, they are nowadays not 
considered to be harmful [22, 23]. Other non-malignant diseases causing pulmonary 
nodules include organizing pneumonia, fibrosis, scarring or infection. 

As previously mentioned, the majority of nodules in a lung cancer screening population 
are solid, with 98% as reported by Horeweg et al. [24]. While 0.9% are pure ground-glass 
nodules and only 0.8% of the nodules are part-solid nodules. However, these different 
nodule types show different behaviors, shown by the fact that 5% of the part-solid nodules 
became malignant in that study, compared to 2.6% of pure ground-glass and 0.6% of the 
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solid nodules [24]. For this reason, determining the correct nodule type is essential to 
accurately assess the malignancy risk of a nodule.

In addition to the nodule type, the nodule size and in particular nodule growth over time are 
crucial to differentiate nodules at risk to develop into lung cancer from benign nodules [25]. 

Figure 1.3: From left to right, examples of a solid, pure ground-glass, part-solid, perifissural and 
calcified nodule, visualized in axial (top row), coronal (middle row), and sagittal (bottom row) planes. 
Courtesy of images to the Danish Lung Cancer Screening Trial.

Detection of pulmonary nodules

The first step of reading lung cancer screening CT scans is the detection of lung nodules. 
In order to detect these nodules, radiologists have to carefully go through the entire CT 
scan. This is a time-consuming and daunting task that requires diligence and vigilance. 
Radiologists tend to find it difficult to identify pulmonary nodules in a large number of 
CT slices and the rich structure of airways and vessels [26-27]. In addition to variation 
in nodule detection performance, there is also variability among radiologists for what 
constitutes a pulmonary nodule [28-29]. 

In order to decrease the reading burden for radiologists, dedicated software solutions 
(computer-aided detection, CAD) have been developed. Potential nodules according 
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to the CAD system are marked as “candidates” that subsequently can be accepted or 
dismissed by the radiologist. 

Extensive research has been conducted regarding the use of CAD systems for lung 
nodules in thoracic CT scans in the last two decades [30-33], and whether it can improve 
reader sensitivity for detecting lung nodules [32, 34, 35]. These studies showed improved 
detection rates while using CAD in a second reader setting, while only a few used CAD in 
a concurrent reading setting [36, 37]. Up to this date, there are a few CAD systems that 
are approved by the Food and Drug Administration (FDA), but they are not widely used in 
clinical practice.  

However, especially with the results of the NLST lung cancer screening trial [7], the 
developments regarding implementation of lung cancer screening in the United States 
[8,9] and the vastly improved computer power [38], the interest in lung nodule CAD 
systems has increased again. With the substantially increased workload for radiologists 
when lung cancer screening will be implemented, CAD could play an essential role in 
improving the cost-effectiveness by reducing reading time, as recommended by the 
authors of the white paper by the European Society of Radiology (ESR) and the European 
Respiratory Society (ERS) [18]. 

Nodule characterization

When nodules are detected in the CT scan, the next step is to determine the nodule type 
and nodule size in order to interpret nodules. 

There are computerized tools that can help the radiologist with accurate nodule size 
measurement. Currently in clinical practice and implemented in categorization tools, 
nodule diameter measurements are still obtained manually, where the radiologist 
manually measures the longest and perpendicular diameter of a nodule in one projection 
of the scan, typically in axial projection. But this method is prone to measurement 
variability among observers [39, 40]. To minimize nodule size measurement variability, 
semi-automated or fully automatic volumetry are commercially available and are likely to 
be superior especially if standardized [34].  

In chapter 2, we investigate observer variability for determining the nodule type.

When a nodule is annotated, it is (semi-)automatically segmented by an algorithm; the 
nodule is segmented or its margins are outlined in every slice in which the nodule is 
visible. Based on this 3D information, the mass and volume of the complete nodule are 
computed and from the nodule volume, a more objective and reproducible so-called 
effective nodule diameter can be calculated. This software may work fully automatically 
or semi-automatically, while the radiologist is still able to adjust the segmentation of the 
nodule. Based on visual control how congruent lesion border and segmented border are, 
he/she can make the segmentation smaller, larger, change the segmentation shape, and 
adjust nodule type, which all influence the volumetry. 
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Measuring an increase in nodule volume using for example the volume doubling time 
(VDT) is a more objective way to measure nodule growth [10, 24]. The use of volumetry is 
also recommended for the interpretation of lung nodules by the ESR/ERS and the British 
Thoracic Society [18, 41].

Clinical scorings systems

To aid, standardize and harmonize the radiologists’ interpretation of pulmonary nodules, 
various nodule malignancy risk prediction systems have been developed. 

One of the first nodule risk prediction models was the Mayo model published in 1997. To 
develop this model, medical records of patients with lung nodules were retrospectively 
reviewed and divided in a development and validation sets. With the use of logistic 
regression analysis, six independent predictors of malignancy were identified: higher age, 
history of smoking, history of an extra thoracic cancer > 5 years before nodule detection, 
larger nodule diameter, upper lung lobe location and presence of spiculated margins. 
The model’s accuracy was good with an area under the receiver operating characteristics 
(ROC) curve of 0.83 and 0.80 for the development and validation set, respectively [42]. 

Thereafter, other nodule risk prediction models have been developed [43, 44] but have 
never used actual lung cancer screening data.

In 2013, the PanCan model was published, which was the first malignancy risk prediction 
model that was mathematically modeled based on the findings on a lung cancer screening 
trial, the PanCanadian Early Detection of Lung Cancer Study (PanCan). It calculates the risk 
that a particular nodule is malignant on a continuous scale from 0 to 1. Through logistic 
regression models three characteristics of a participant were identified: age, sex, and 
family history of lung cancer. Additionally, four nodule characteristics were identified: the 
size of a nodule, nodule type, lung lobe location, and spiculation. However, the PanCan 
model is designed only for nodules detected in a first screening CT scan, or baseline scan, 
and not for follow-up scans [45]. Table 1.2 shows the prediction models and the included 
parameters. 

In chapters 4, 5 and 6 we investigate the performance of the PanCan model with respect 
to malignancy risk estimation of screen-detected pulmonary nodules and compare its 
performance to other scoring systems and human observers.
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Table 1.2: Prediction models for the probability of lung cancer in pulmonary nodules *
Predictor variables Model 1a: Parsimonious Model, 

No spiculation
Model 2a: Full Model, 

No spiculation
Odds ratio 

(95%CI)
P value Beta 

coefficient
Odds ratio 

(95%CI)
P value Beta 

coefficient
Age, per year 1.03 (0.99-1.07) 0.11 0.0321
Sex, female vs, male 1.79 (1.13-2.82) 0.01 0.5806 1.76 (1.09-2.83) 0.02 0.5635
Family history of lung 
cancer, yes vs. no

1.35 (0.84-2.16) 0.21 0.3013

Emphysema, yes 
vs. no

1.41 (0.82-2.24) 0.21 0.3462

Nodule size <0.001† -5.8616 <0.001† -5.6693
Nodule type
 Ground-glass
 opacity
 Part-solid
 Solid

0.74 (0.40-1.35)

1.40 (0.72-2.74)
Reference

0.33

0.32

-3.005

0.3395
Reference

Nodule location, 
upper vs. middle or 
lower lobe

1.90 (1.78-3.08) 0.009 0.6439 2.04 (1.22-3.41) 0.007 0.7116

Nodule count per 
scan, per each 
additional nodule

0.92 (0.85-1.00) 0.05 -0.0803

Model constant -6.5929 -6.8071

Predictor variables Model 1b: Parsimonious Model, 
with spiculation

Model 2b: Full Model, 
with spiculation

Odds ratio 
(95%CI)

P value Beta 
coefficient

Odds ratio 
(95%CI)

P value Beta 
coefficient

Age, per year 1.03 (0.99-1.07) 0.16 0.0287
Sex, female vs, male 1.91 (1.19-3.07) 0.008 0.6467 1.82 (1.12-2.97) 0.02 0.6011
Family history of lung 
cancer, yes vs. no

1.34 (0.83-2.17) 0.23 0.2961

Emphysema, yes 
vs. no

1.34 (0.78-2.33) 0.29 0.2953

Nodule size <0.001† -5.5537 <0.001† -5.3854
Nodule type
 Ground-glass
 opacity  
 Part-solid
 Solid

0.88 (0.48-1.62)

1.46 (0.74-2.88)
Reference

0.68

0.28

-0.1276

0.3770
Reference

Nodule location, 
upper vs. middle or 
lower lobe

1.82 (1.12-2.98) 0.02 0.6009 1.93 (1.14-3.27) 0.02 0.6581

Nodule count per 
scan, per each 
additional nodule

0.92 (0.85-1.00) 0.049 -0.0824

Spiculation, yes vs. no 2.54 (1.45-4.43) 0.001 0.9309 2.17 (1.16-4.05) 0.02 0.7729
Model constant -6.6144 -6.7892

*Models 1a and 1b are parsimonious prediction models, and models 2a and 2b are full logistic-
regression prediction models. Age is centered on the mean of 62 years, nodule size is centered on 
4mm, and nodule count is centered on 4 (i.e., 62 is subtracted from the actual age, 4mm is subtracted 
from the actual nodule size and 4 is subtracted from the actual number of nodules). 
†Nodule size had a nonlinear relationship with lung cancer and is transformed in this model. The odds 
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ratio of the transformed variable has no direct interpretation without back-transformation. Nodule-
size transformation, which is based on multiple fractional polynomial analyses, was performed with 
the following calculation ((nodule size/10)0.5) – 1.58113883; nodule size was measured in millimeters. 
Table source: McWilliams A, Tammemagi MC, Mayo JR, et al. NEJM 2013;369(10):910-919. Probability 
of cancer in pulmonary nodules detected on first screening CT. 

In 2014, the American College of Radiology (ACR) published the Lung-RADS Assessment 
Categories. This scoring system is a quality assurance tool designed to standardize lung 
cancer screening CT reporting and management recommendations and facilitate outcome 
monitoring. Lung-RADS consists of five categories and their inclusion criteria are based 
on nodule type, nodule size and the presence of nodule growth over time, where the 
management of the highest category can also depend on the probability of malignancy 
based on the PanCan model. Additionally, Lung-RADS offers a separate category that 
allows radiologists to upgrade a category 3 or 4 nodule to category 4X if visually accessible 
criteria are present that make the nodule more suspicious. The Lung-RADS Categories can 
be used for baseline and follow-up CT scans, as there are different category criteria for 
nodules detected at baseline and follow-up scans [46]. Figure 1.4 shows the Lung-RADS 
Assessment Category criteria. 

In chapter 3 we determine the observer variability for using the Lung-RADS Assessment 
Categories, while in chapter 5 we investigate the performance of the Lung-RADS 
Assessment Categories with respect to accurate malignancy risk estimation of screen-
detected pulmonary nodules and compare its performance to other scoring systems.

The National Comprehensive Cancer Network (NCCN) published their Clinical Practice 
Guidelines in Oncology for lung cancer screening in 2014, including criteria to evaluate 
screening findings with associated management recommendations. These criteria are 
also based on nodule type, nodule size and nodule growth over time [47]. In chapter 5 we 
investigate the performance of the NCCN guidelines with respect to accurate malignancy 
risk estimation of screen-detected pulmonary nodules and compare its performance to 
other scoring systems. 

All these scoring systems are based on more or less the same parameters but differ in 
details such as nodule size thresholds.  

In a clinical setting, a radiologist can find lung nodules in routine CT scans, the so called 
incidentally detected lung nodules. The management for these nodules differs from 
nodules detected in a lung cancer screening setting, since the patients in which these 
incidentally diagnosed nodules are found, do not have the same risk factors as lung 
cancer screening participants have (old age and smoking history). Therefore, separate 
management strategies are published for these nodules: the Fleischner Society guidelines 
for management of solid pulmonary nodules and for subsolid nodules [48-50]. Chapter 
2 investigates the observer variability when using the Fleischner guidelines for subsolid 
nodules. 
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The British Thoracic Society (BTS) published guidelines for management of lung 
nodules, consisting of several flowcharts, in which the PanCan model is integrated. The 
BTS guidelines are based on nodule type, size, growth over time, and morphological 
parameters, but in contrast to previous guidelines, propose to use the same diagnostic 
approach for incidentally detected and screen-detected nodules [41]. 

Figure 1.4: The Lung-RADS Assessment Categories and their criteria. Courtesy of image to the 
American College of Radiology. 
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Performance evaluation and statistical tests

Inter-observer and intra-observer variability
In chapters 2, 3, and 6 of this thesis, inter-observer variability is used to evaluate the 
variability in performance between different radiologists, which may be based on various 
factors and has been described for many radiological tasks. For example, experienced 
radiologists may perform better than less experienced radiologists for a certain task. In 
addition to that, there is also the intra-observer variability: one radiologist may show a 
variable performance when conducting a certain task multiple times on the same dataset.

The inter- and intra-observer variability are measured by using Cohen κ statistics in this 
thesis. The Cohen κ statistics takes into account the agreement that may occur by chance 
and is considered a more robust measure than simply percent agreement. Cohen’s κ 
coefficient is calculated using the following equation:

κ = p(o) - p(e) / 1 - p(e)

where p(o) is the relative observed agreement among observers and p(e) is the 
hypothetically probability of chance agreement. Thus, complete agreement will result in κ 
= 1 and complete disagreement will result in κ = -1 [51].

Additionally, there is the weighted method to determine Cohen’s kappa. This should 
be used when the variables have more categories than binary and the categories are 
ordered, because the distance from agreement should be taken into consideration. For 
example, disagreement between category 1 and 4 is a larger disagreement than between 
category 1 and 2. This can be taken into account by applying weighting to the importance 
of disagreements [52]. A linear weighting method is used in chapter 3 and 6. 

The Fleiss’ kappa statistics is an extension of Cohen’s κ statistics to evaluate the reliability 
of agreement between three or more observers when assessing categorical scores, but no 
weighting is applied [53]. In chapter 2 the Fleiss’ κ is used. 

For the interpretation of the observer agreement or kappa, the guidelines by Landis 
and Koch are used in this thesis, although they are not universally accepted. In these 
guidelines, a kappa of < 0 indicates no agreement, 0 – 0.20 slight agreement, 0.21 – 0.40 
fair agreement, 0.41 – 0.60 moderate agreement, 0.61 – 0.80 substantial agreement and 
0.81 – 1 almost perfect agreement [54]. 

The kappa statistics depend on the prevalence of a certain event, in this case pulmonary 
nodules. In the chapters 2, 3 and 6 an enriched sample of screen-detected pulmonary 
nodules were used, in these chapters the kappa values were therefore corrected for 
enriched datasets.

Confidence intervals are computed through the following formula:

k – 1.96 x SEk  to  k + 1.96 x SEk   
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ROC analysis
The receiver operating characteristics (ROC) analysis is used in this thesis in chapters 5, 
6, and 7. The ROC curve is a widely used graphical plot that illustrates the performance 
of a binary classifier system as its discrimination threshold is varied. The methodology is 
explained by using the example of classifying images into diseased or not diseased. When 
radiologists classify images, they rate each image on a continuous scale, e.g. from 0 to 100, 
for having a disease such as lung cancer. By placing a threshold on the scores, a binary 
classification for benign and malignant can be obtained for each image. All images which 
are classified as having a disease are called positives and all images classified as not having 
the disease are negatives. The classification into positives and negatives is then compared 
to the reference standard and the images can be divided into one of four categories:

1. True positive (TP): images that are correctly classified as diseased

2. True negative (TN): images that are correctly classified as not diseased

3. False positive (FP): images that are classified as diseased, but are not diseased 
according to the reference standard

4. False negative (FN): images that are classified as not diseased, but are diseased 
according to the reference standard

With these categories, the sensitivity and specificity can be calculated using the following 
formulas: 

Sensitivity = TP / (TP + FN)

Specificity = TN / (TN + FP)

The sensitivity or true-positive rate measures the proportion of correctly classified positive 
cases, while the specificity measures the proportion of correctly classified negative cases; 
the true negative rate. 

The ROC curve can be obtained when plotting the sensitivity against the false positive rate 
(1 - specificity) for various threshold settings of the observers’ scores. For each individual 
observer, the ROC curve can be plotted and the performance between observers can 
be compared. Typically, the area under the ROC curve (AUC) is used as a measure for 
the performance. An AUC of 1 translates to a perfect performance, while an AUC of 0.5 
corresponds to random guessing. Figure 1.5 shows an example of a ROC curve, which 
originates from chapter 6 of this thesis.  

For reader studies with multiple radiologists, statistical analysis was performed using Multi 
Reader Multi Case (MRMC) receiver operating characteristic (ROC) analysis. Performance 
differences were assessed using the Dorfman, Berbaum and Metz method (available in the 
DBM MRMC software package), which accounts for case, reader, and treatment variance. A 
p-value below 0.05 was considered significant. 
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Figure 1.5: The ROC curves and AUC (Az) values of human observers and the various PanCan models 
for differentiating benign from malignant screen-detected pulmonary nodules from chapter 6. 

Thesis outline

The first two chapters are dealing with quantification of observer variability. In chapter 2 of 
this thesis, the observer variability for the use of the 2013 Fleischner Society’s guidelines 
for the management of subsolid nodules was assessed, using data from the Dutch-Belgian 
NELSON trial. In chapter 3 observer variability for the application of the Lung-RADS 
Assessment Categories was determined using data from the National Lung Screening 
Trial. 

The second part of this thesis focuses on the accuracy of malignancy risk estimation of 
various scoring systems. In chapter 4 the performance of the PanCan model is externally 
validated on data from the Danish Lung Cancer Trial. In chapter 5 the accuracy of 
malignancy risk estimation of three scoring systems is compared to each other: the PanCan 
model, the NCCN guidelines for lung cancer, and the Lung-RADS Assessment Categories. 
At last chapter 6 describes the performance comparison of human observers with the 
PanCan model for differentiating malignant from benign screen-detected nodules, using 
data from the Danish Lung Cancer Screening Trial followed by a Summary and general 
Discussion.  
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Abstract

Purpose: To examine the factors that affect inter- and intra-observer agreement for 
pulmonary nodule type classification on low-radiation-dose computed tomographic (CT) 
images, and their potential effect on patient management.

Materials and Methods: Nodules (n = 160) were randomly selected from the Dutch-
Belgian Lung Cancer Screening Trial cohort, with equal numbers of nodule types and 
similar sizes. Nodules were scored by eight radiologists by using morphologic categories 
proposed by the Fleischner Society guidelines for management of pulmonary nodules 
as solid, part-solid with a solid component smaller than 5 mm, part-solid with a solid 
component 5 mm or larger, or pure ground-glass. Inter- and intra-observer agreement 
was analyzed by using Cohen κ statistics. Multivariate analysis of variance was performed 
to assess the effect of nodule characteristics and image quality on observer disagreement. 
Effect on nodule management was estimated by differentiating CT follow-up for ground-
glass nodules, solid nodules 8 mm or smaller, and part-solid nodules smaller than 5 mm 
from immediate diagnostic work-up for solid nodules larger than 8 mm and part-solid 
nodules 5 mm or greater.

Results: Pair-wise inter- and intra-observer agreement was moderate (mean κ, 0.51 
[95% confidence interval, 0.30, 0.68] and 0.57 [95% confidence interval, 0.47, 0.71]). 
Categorization as part-solid nodules and location in the upper lobe significantly reduced 
observer agreement (P = .012 and P < .001, respectively). By considering all possible 
reading pairs (28 possible combinations of observer pairs × 160 nodules = 4480 possible 
agreements or disagreements), a discordant nodule classification was found in 36.4% 
(1630 of 4480), related to presence or size of a solid component in 88.7% (1446 of 1630). 
Two-thirds of these discrepant readings (1061 of 1630) would have potentially resulted in 
different nodule management.

Conclusion: There is moderate inter- and intra-observer agreement for nodule 
classification by using current recommendations for low-radiation-dose CT examinations 
of the chest. Discrepancies in nodule categorization were mainly caused by disagreement 
on the size and presence of a solid component, which may lead to different management 
in the majority of cases with such discrepancies. 
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Introduction

Pulmonary nodules are the most frequent incidental findings in computed tomographic 
(CT) imaging of the chest. The advent of low radiation-dose CT imaging for lung cancer 
screening further increased the detection of such nodules, and several societies published 
guidelines for their management strategies for intrapulmonary nodules [1–5]. These 
guidelines use morphologic CT imaging criteria to estimate the risk of malignancy to 
trigger a management strategy, which includes no follow-up, follow-up with CT imaging 
after specific time intervals, and positron emission tomographic imaging, or invasive 
procedures, such as biopsy or resection. Although these guidelines differ with respect to 
their specific cut-off values for nodule size criteria, they uniformly differentiate between 
solid, part-solid, and pure ground-glass nodules. Because of the higher prevalence of 
invasive adenocarcinomas in part-solid nodules with a larger solid component [6–12], 
nodule management differs for part-solid nodules dependent on the size of the solid 
component [2–5]. 

Visual assessment of nodule morphologic structure on chest CT images, however, is prone 
to variability induced by the interpretation process. Manual diameter measurements as 
they are part of current management guidelines may further add to observer variability 
[13–15]. Interobserver variability may affect patient management with potential effects 
on outcome, and will influence health care costs through the follow-up and work-up 
procedures. 

The purpose of our study was therefore to examine the factors that affect inter- and intra-
observer agreement for pulmonary nodule type classification on low-radiation-dose CT 
images. We analyzed the effects of features, which include anatomic location, size and 
nodule type, and the effect of image noise on observer agreement. Additionally, the 
potential effect on patient management was determined.

Materials and Methods

Materials 
Nodules were selected from CT images from three sites of the Dutch-Belgian Lung Cancer 
Screening Trial (NELSON) [16]. The trial was approved by the ethics committees of all 
participating centers and the Dutch Ministry of Health. Written informed consent was 
obtained from all participants at time of inclusion in the screening trial for acquiring the 
CT data and for analysis of these data for research purposes. 

In NELSON, nodules detected by the screening radiologists were annotated by using size, 
nodule type (solid, part-solid, or pure ground-glass), and location as nodule features. 

For our retrospective study, 160 unique pulmonary nodules were randomly selected 
(S.J.V.R. and C.S.P.) on the condition of an equal distribution of nodule types and similar size 
distribution. An uncontrolled random selection of nodules from the screening database 
would have led to an overload of small (<5 mm) solid nodules. To avoid this, the selection 
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was performed randomly but with specific inclusion criteria, such as the nodule type, as 
noted in the screening database, and the nodule size. 

The additional subcategorization of part-solid nodules with a solid component smaller 
than 5 mm and 5 mm or larger, respectively, was determined by the researcher (S.J.V.R.) 
on the basis of manual diameter measurements, averaged over length and width. The 
researcher underwent specific training and exclusively analyzed research on pulmonary 
nodules for 2 years. This resulted in 40 solid nodules, 40 pure ground-glass nodules, 40 
part-solid nodules with a solid component 5 mm or larger, and 40 part-solid nodules 
with a solid component smaller than 5 mm. The 160 study nodules were located in 145 
patients; 13 patients had two nodules and one patient had three nodules. The nodules 
were presented in random order and independently of each other to reduce interpretation 
bias. The nodule classification on the basis of the screening annotations did not serve 
as a reference standard, but was used during the inclusion process to ensure a relatively 
balanced distribution of the various nodule types. We used the diameters as reported in 
the NELSON database for the nodule selection process.

CT data acquisition 
The images used in our study were obtained between 2004 and 2010. All CT images in 
NELSON were acquired by using 16-detector–row CT scanners (Somatom Sensation 16, 
Siemens Medical Solutions, Forchheim, Germany; Mx8000 IDT or Brilliance-16P, Philips 
Medical Systems, Best, the Netherlands) and a low-radiation-dose protocol. Data were 
acquired by using 16 x 0.75 mm collimation, a tube current time product of 30 mAs, and 
a tube voltage of between 80 kVp and 140 kVp, dependent on the weight of the patient. 
Reconstructed section thickness was 1 mm, with a reconstruction increment of 0.7 mm. 
A moderately smooth reconstruction kernel was used (kernel B, Philips Medical Systems; 
and kernel B30f, Siemens Medical Solutions) [16,17].

Observers 
Eight radiologists from five institutions in Belgium, the Netherlands, and the United 
States participated as observers. Four were members of the Fleischner Society, two were 
involved in the NELSON trial readings, and two were general radiologists with a specific 
interest in thoracic radiology. Experience with interpretation of chest CT images ranged 
from 10 years to more than 30 years. 

The radiologists were instructed to classify each nodule into one of the following four 
categories: solid, part-solid with a solid component larger than or equal to 5 mm, part-
solid with a solid component smaller than 5 mm, or pure ground-glass. Radiologists were 
free to use a caliper to determine the size of the solid component of a part-solid nodule. 
Radiologists were neither aware of the original classification in NELSON nor the number 
of nodules in each category. 

Four radiologists interpreted the data set a second time after an interval of at least 12 
weeks to assess intra-observer variability.
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Image viewing 
Nodules were presented in a random order. A dedicated reading display was used (Cirrus; 
Diagnostic Image Analysis Group, Radboud University Medical Center, Nijmegen, the 
Netherlands) to optimize reading efficiency. The CT data were loaded and displayed by 
using an enlarged view of each nodule in axial and coronal projection side by side. The 
radiologists could focus in or out, and change window settings as they deemed necessary. 
Interactive manual caliper measurements were available. Radiologists could scroll and 
review the complete CT examination if warranted.

Nodule characteristics and image quality 
Four parameters were used to assess the effect of nodule characteristics and image 
quality on observer agreement: total nodule size (largest diameter in millimeters), nodule 
location (upper lobes, which included the lingula, lower lobes, or middle lobe), nodule 
type, and the presence of image noise in the lung parenchyma. The parameters nodule 
size, location, and type were extracted from the NELSON trial database. Image noise 
was measured by a researcher (S.J.V.R.) who did not participate in the reading process: 
Two 1 cm2 regions of interest were placed in two homogeneous regions within the lung 
parenchyma close to the nodule, and the standard deviation of Hounsfield units averaged 
over the two measurements were the measure for image noise.

Effect of disagreement on nodule management 
Effect on nodule management was on the basis of observer nodule classification, which 
was determined in the interpretation sessions and the original size measurements from 
the NELSON database. To evaluate the potential effect of observer variability on nodule 
management, we solely focused on two management strategies, namely CT examination 
follow-up (strategy I) or immediate work-up (strategy II), and did not further differentiate 
various follow-up delays. CT examination follow-up was assumed as the strategy for pure 
ground-glass nodules of any size, part-solid nodules with a solid component smaller than 
5 mm, or solid nodules 8 mm or smaller. Immediate work-up by using additional tests was 
assumed as the strategy for part-solid nodules with a solid component 5 mm or larger and 
solid nodules larger than 8 mm.

Per nodule, we determined which strategy would have been potentially triggered by the 
radiologists’ classifications. Because no reference standard was available, we determined 
per nodule the number of pair-wise strategy disagreements. Eight radiologists produced 
28 reading pairs per nodule: Per reading pair, we determined whether a disagreement 
in classification, if present, would have potentially resulted in a different management 
strategy by taking two strategies into account, as earlier described. In addition, we 
determined per nodule the most frequent underlying morphologic structures that caused 
different classifications.

Statistical analysis 
Multirater Fleiss k statistics were used to measure interobserver agreement for nodule 
classification. Cohen k statistics were applied to determine pair-wise inter- and intra-
observer agreement. Pairwise k values were averaged over all possible observer pairs, 
which resulted in a mean with 95% confidence interval. k values were interpreted by 
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using the Landis and Koch guidelines [18]. These statistics did not include original nodule 
annotations by the screening radiologists. 

A multivariate analysis of variance was performed to assess the effect of nodule 
characteristics and image noise on observer agreement. Four nodule characteristics 
were considered: size, location, nodule type (solid, part-solid, pure ground-glass), and 
image noise. For nodule type classification we used the original screening annotations. 
Multivariate analysis of variance takes into account potential interactions between 
parameters (e.g., lobar location and nodule type) and compensates for significance of 
interactions, if present. 

Two subsets of nodules were defined according to the amount of agreement between 
radiologists: group A consisted of nodules with identical classification by at least seven 
of the eight radiologists and group B was composed of all remaining nodules. The subset 
(group A or group B) was the independent variable, and the four parameters (size, type, 
location, and noise) were the dependent variables. 

We did not consider within-patient correlation among multiple nodules per patient 
because multiple nodules in a patient were considered to be individual nodules. 

P values less than .05 were considered to indicate statistical significance. Analyses were 
performed by using statistical software (SPSS v. 20.0; SPSS, Chicago, Ill).

Results

Nodule characteristics 
The 160 nodules that were included in our study were an average size of 12.1 mm (range, 
5–33 mm). Table 2.1 summarizes characteristics of the nodules as annotated in the 
screening database. 

Table 2.1: Nodule Selection Characteristics
Nodule Annotation Number Average size

(range)*
Anatomic location

UL - ML - LL **
Sex

Male - Female **
Solid 40 9.2 (5.0 - 20.3) 17 - 8 - 15 

42.5% - 20% - 37.5%
37 - 3     

92.5% - 7.5%
Part-solid 

with a solid component ≥ 5 mm 

with a solid component < 5 mm 

80

40

40

14.2 (5.0 - 33.0)

17.1 (7.0 - 33.0)

11.3 (5.0 - 21.0)

54 - 2 - 24    
67.5% - 2.5% - 30%

28 - 1 - 11    
70% - 2.5% - 27.5%

26 - 1 - 13    
65% - 2.5% - 32.5%

65 - 15   
81% - 19%

31 - 9     
77.5% - 22.5%

34 - 6    
85% - 15%

Pure ground-glass 40 10.8 (5.0 - 26.4) 24 - 1 - 15     
60% - 2.5% - 37.5%

28 - 12   
70% - 30%

All nodules 160 12.1 (5.0 - 33.0) 95 - 11 - 54   
59.3% - 6.9% - 33.8%

130 - 30 
81% - 19%

UL: upper lobes including the lingula, ML: middle lobe, LL: lower lobes. * Size in mm. ** Percentages 
in parentheses. 
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Interobserver and intra-observer agreement 
Interobserver agreement on nodule classification was moderate with a multirater Fleiss k 
value of 0.50 (95% confidence interval: 0.48, 0.52). 

The k value between pairs of radiologists varied from 0.30 (fair agreement; 95% confidence 
interval: 0.22, 0.39) to 0.68 (substantial agreement; 95% confidence interval: 0.59, 0.76), 
with a mean of 0.51 (moderate agreement; 95% confidence interval: 0.41, 0.60) averaged 
over all radiologists. 

Intra-observer agreement was moderate, with k values ranging from 0.47 (moderate 
agreement; 95% confidence interval: 0.37, 0.56) to 0.71 (substantial agreement; 95% 
confidence interval: 0.61, 0.78), and a mean k of 0.57 (95% confidence interval: 0.47, 0.66) 
averaged over four radiologists. Table 2.2 provides the results per radiologist.

Table 2.2: Inter- and intra-observer agreement in kappa values

Observer Inter-observer agreement* 95% CI** Intra-observer 
agreement*** 95% CI**

1 0.57 0.47-0.66 0.71 0.61-0.78
2 0.56 0.46-0.65 0.56 0.46-0.67
3 0.53 0.43-0.63 0.55 0.44-0.64
4 0.53 0.43-0.62 0.47 0.37-0.56
5 0.55 0.45-0.64
6 0.48 0.39-0.58
7 0.45 0.35-0.54
8 0.38 0.29-0.47

* Kappa averaged over all pair-wise kappa values of each observer with the remaining 7 
observers. ** 95% CI = 95% Confidence Interval. *** Kappa value of observer with him- or herself. 

Nodule-based analysis 
Nodules with high observer agreement (group A). — Group A consisted of 72 of the 160 
nodules (45.0%), of which 45 (62.5%) were classified identically by all eight radiologists 
(Figure 2.1). The majority of these 45 nodules were solid (30 of 45 [66.6%]); 12 of 45 (26.6%) 
were part-solid with a solid component 5 mm or larger, and the remaining three nodules 
were two pure ground-glass nodules and one part-solid nodule with a solid component 
smaller than 5 mm. 

In 27 nodules (37.5%), one radiologist disagreed with the rest because of the presence of a 
solid component in 40.7% (11 of 27) or the size of this component in 44.4% (12 of 27). Most 
disagreement was caused by the same two radiologists (17 of 27 [63.0%]). The remaining 
37.0% (10 of 27) of disagreements were caused by four more radiologists. 

Nodules with limited observer agreement (group B). — Group B was composed of the 
remaining 88 nodules (55.0%), in which at least two radiologists disagreed with the rest. 
Disagreement involved only two categories in 35 of these 88 nodules (40.0%): In 11 cases, 
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radiologists did not agree on the presence of a solid component within a nodule, and in 
22 cases, radiologists disagreed whether the size of the solid component was smaller than 
5 mm or 5 mm or larger. 

In 42 nodules (47.7%), observer classifications varied between three categories. In all of 
these nodules, there was disagreement about the presence of a solid component, and in 
27 cases there was additional disagreement about the size of this component relative to 
the 5 mm cutoff value. 

In the remaining 11 nodules (12.5%), observer ratings varied between all four categories. 
Details are provided in Table 2.3. Figure 2.2 shows examples of nodules with variable 
interobserver agreement.

Figure 2.1: Examples of nodules with complete agreement of all eight observers: Every column 
displays one nodule in axial view (top row), and coronal view (bottom row). Each subimage displays 
a transversal field of view of 40 x 40 mm, in which the nodule is centered. From left to right: a nodule 
uniformly classified as pure ground-glass nodule; a part-solid nodule with a solid component < 5 
mm; a part-solid nodule with a solid component ≥ 5 mm; a solid nodule. 
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Table 2.3: Disagreement types in subgroups A and B 
Type of (dis)agreement Categories Group A n=72 Group B n=88
Complete agreement

SN
PSN ≥5
PSN <5
GGN

45 (63%)
30 (42%)
12 (17%)

1 (1%)
2 (3%)

-

2 Categories 
Size of solid component

PSN ≥5 vs. PSN <5 12 (17%) 22 (25%)

2 Categories 
Presence of solid component

SN vs. PSN or GGN vs. PSN 11 (15%) 11 (12.5%)

2 Categories 
Other

GGN vs. SN 4 (5%) 2 (2%)

3 Categories 
Size and presence of
solid component

PSN <5 vs. PSN ≥5
and
SN or GGN

- 27 (31%)

3 Categories
Presence of solid component and 
Other

SN or GGN vs. PSN
and SN vs. GGN

- 15 (17%)

4 Categories - 11 (12.5%)

Group A: 72 nodules with agreement of 8 or 7 observers. Group B: 88 nodules with limited agreement 
between observers. SN = solid nodule, PSN = part-solid nodule, GGN = pure ground-glass nodule. 

Figure 2.2: Examples of nodules with varying nodule type classification disagreement scored by the 
observers: Every column displays one nodule in axial view (top), and coronal view (bottom). Each 
subimage displays a transversal field of view of 40 x 40 mm, in which the nodule is centered. Left 
column: five observers scored part-solid with solid component < 5 mm, and three observers scored 
pure ground-glass nodule. Second column: five observers scored pure ground-glass nodule, two 
observers scored part-solid nodule with solid component < 5 mm, and one as solid nodule. Third 
column: five observers scored pure ground-glass nodule, two observers scored part-solid nodule 
with solid component < 5 mm, and one as part-solid nodule with solid component ≥ 5 mm. Right 
column: three observers scored pure ground-glass nodule, two observers scored part-solid nodule 
with solid component ≥ 5 mm, two observers scored part-solid nodule with solid component < 5 
mm, and one observer scored solid nodule.
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Morphologic criteria and image quality 
Multivariate analysis of variance found a significant difference between group A and 
group B (Pillai trace, 0.131; F = 3.839; P = .001) regarding the parameters nodule size, 
nodule location, nodule type (as classified by NELSON), and noise. 

The univariate F tests revealed a significant difference for nodule location (F = 6.463; P = 
.012) and nodule type (F = 15.862; P < .001). Nodules in group B were located in the upper 
lobes significantly more often and annotated as part-solid nodules compared to group A 
nodules. No significant difference was found for nodule size (F = 2.426; P = .121) or image 
noise by using continuous Hounsfield units (F = 1.320; P = .252). Table 2.4 summarizes 
these results. 

Table 2.4: Impact of nodule location, type, image noise, and nodule size on observer agreement

Group A * Group B * Significance

Nodule Location
upper lobe
middle lobe
lower lobe

35 (49%)
8 (11%)

29 (40%)

60 (68.2%)
3 (3.4%)

25 (28.4%)

P = 0.012

Nodule Type
solid
part-solid
pure ground-glass

36 (50%)
17 (24%)
19 (26%)

4 (4.5%)
63 (71.5%)
21 (24%)

P = 0.001

Average noise (HU) 38.3 41.7 P = 0.252

Average nodule size 11.3 mm 12.7 mm P = 0.121

Group A: 72 nodules with agreement of 8 or 7 observers. Group B: 88 nodules with limited agreement 
between observers. * In parenthesis the percentages of the groups A and B. P-values derived from 
univariate F test.

Effect of observer disagreement on nodule management 
Grouping the radiologists’ classifications according to management strategy I or II would 
have resulted in 96 nodules with at least one potentially different management strategy. 
In the remaining 19 nodules, different classification did not result in a potentially different 
management strategy. 

In 17 of the 27 nodules from group A with disagreement of only one radiologist, the 
different classification would have resulted in a potentially different management 
strategy, and it was related to the presence and size of the solid component in 14 nodules. 

In 26 of the 35 nodules from group B with two categories, classification would have 
resulted in potentially different management strategies, which was related to the solid 
component in 24 of the 26 nodules. 

In all 42 nodules with three categories and 11 nodules with four categories, potential 
management differences would have occurred. 
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When all 28 possible reading pairs (28 possible combinations of observer pairs x 160 
nodules = 4480 possible agreements or disagreements) were considered, disagreement 
about nodule type classification occurred in 36.4% (1630 of 4480), of which 88.7% 
(1446 of 1630) were related to the presence or size of a solid component. Two-thirds of 
the discrepant readings (1061 of 1630 [65.1%]) resulted in potentially different nodule 
management.

Discussion 

Several radiologic societies published recommendations for management of pulmonary 
nodules [1–5]. They propose morphologic criteria on the basis of nodule type and size 
to determine follow-up intervals or further diagnostic procedures. Part-solid nodules, in 
particular, are a focus of attention because of their high risk to represent malignancy [19]. 
By following the guidelines, a more intense work-up of part-solid nodules is triggered 
beyond a certain (manually measured) diameter of the visually detected solid component. 

In our study, we examined the factors that affected inter- and intra-observer agreement to 
retrospectively classify pulmonary nodules on low-dose CT images. We found a moderate 
overall interobserver agreement (mean k, 0.51) to categorize nodules into solid, part-solid 
with a solid component 5 mm or larger or less than 5 mm, and pure ground-glass. While a 
high interobserver agreement was seen for solid nodules, the majority of disagreements 
related to either the presence of a solid component in part-solid nodules or the size of this 
solid component relative to the 5 mm threshold. 

These results indicate that the evaluation of a potential solid component within a nodule 
that contained ground-glass components is prone to substantial interobserver variability. 
This variability is likely caused by the intrinsically subjective nature of the task in the absence 
of absolute measurement criteria. The Fleischner recommendations on management of 
subsolid nodules are adopted from the definitions in the Fleischner glossary: The solid 
component of a part-solid nodule had to fulfill the criteria of a consolidation, and the areas 
around it had to fulfill the definition of ground-glass. These definitions are based on the 
degree of obscuration of the underlying lung architecture [2,20]. On the basis of multiple 
studies [21–23], the Fleischner recommendations advise the use of mediastinal window 
settings to evaluate the solid component; lung window settings are recommended for 
assessment of the ground-glass component. However, it has to be noted that a widely 
used mediastinal window setting (width/ length, 400/40) implies that only areas with 
densities that exceed -160 HU would be detected as a solid component. A recent study 
by Lee et al [6] based on correlation of CT morphologic and histopathologic analysis in a 
group of 59 part-solid nodules determined that a lower density range of -261 HU to -160 
HU is most appropriate to describe the invasive tumor component.

The second major contributor to observer disagreement was the assessment of the size of 
the solid component. Several studies [6–12,24] found that the larger the solid component, 
the more likely the nodule will represent an invasive adenocarcinoma, which indicates a 
poorer prognosis. For this reason, current recommendations chose a size threshold that 
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varies from 5 mm or larger to 8 mm or larger for the solid component to trigger a more 
aggressive work-up [2–5]. Thus far, to evaluate the solid component, electronic caliper 
measurements based on the average of long and short axial dimensions in narrow and/
or mediastinal windows were proposed [2]. The results of our study confirm previous 
findings [13–15] that accuracy and reproducibility of manual caliper measurements 
of pulmonary nodules are limited. Clinical effect of such inaccuracy is the largest if 
measurements approach the decision threshold. It will largely affect reproducibility and 
thus standardization of classification, especially when several discriminating thresholds 
are on the basis of nodule size, which was proposed in the literature [4,5]. 

Our results are conformed to a recently published study [25] that also found a moderate 
interobserver variability for classification of subsolid nodules. Differences between this 
and our study are explicable by the size of the previous study group, the fact that the 
nodules were evaluated solely in axial scans at fixed window levels, and that the nodules 
were detected in clinical and not in screening studies. Nevertheless, the authors similarly 
noted that the presence of a solid component was a major contributor to variability. 

Both the presence and the size of the solid component in a part-solid nodule represent 
decisive morphologic criteria to determine nodule management, which follows current 
recommendations. When a simplified dichotomous nodule management strategy is 
assumed, two thirds of discordant readings resulted in different management decisions, 
and in the vast majority of these nodules, disagreement regarding the presence or size of 
the solid component was the reason for this conflicted strategy. 

In addition to nodule type, in our study, location in the upper lobe was found to have 
a statistically significant effect on observer disagreement. It must be noted that the 
statistics we used compensated for the fact that the prevalence of nodules was highest in 
the upper lobes. A potential explanation for this finding is that image artifacts are highest 
in the area of the shoulders. However, we did not find that image noise in the vicinity of 
the nodule had a statistically significant effect on variability. 

The pair-wise agreement between radiologists showed a wide range of k values. Some pairs 
of radiologists showed a substantial agreement while others showed only fair agreement. 
Intra-observer variability was moderate and similar to the average interobserver 
agreement, which suggested that disagreement was not only related to individual 
observer characteristics but also to nodule characteristics and the categorization task. 
We do not expect that training of radiologists would help because most of our readers 
were experienced with respect to analysis of nodules. Rather, we think that improvement 
is needed regarding the definition of the solid component in part-solid nodules. In the 
future, it is likely that automatic software will take over at least part of this task. 

Our study has some limitations. Because observer variability is mainly caused by part-solid 
nodules, the relative number of these part-solid nodules will affect the overall observer 
variability in the cohort. We used an enriched cohort with similar size and numbers of 
nodules within the various nodule categories. We chose this approach to compensate for 
the disproportionately large number of small solid nodules in a screening population to 
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make the best use of observer time for our particular study. The simplified assumption 
of two management strategies did not consider any other morphologic characteristics 
(e.g., spiculation) for further risk estimation, as suggested in the literature [4]. However, 
we believe that the interobserver variability in our study for the group of part-solid 
nodules was realistic and will translate into potentially differing management strategies, 
as described. 

Furthermore, all CT images were acquired with low-radiation-dose technique by using 
moderately smoothing reconstruction kernels to improve the signal-to-noise ratio. High-
resolution kernels are frequently used for the lung. They provide higher spatial resolution 
and are therefore recommended in current recommendations for nodule management 
[2,3]. However, they also substantially increase image noise with negative effects on detail 
visibility and therefore were not used for reconstruction of the low-dose CT data in our 
study. It remains uncertain whether at all and to what extent nodule evaluation would 
have benefited from a high-spatial-resolution kernel in these low-dose images. 

Finally, a histopathologic reference standard was not available for this data set. Our 
study does not focus on the prediction of correct management; it focuses on the effect 
of observer variability on management decisions. For this goal, no reference standard is 
required. 

In summary, we found moderate observer agreement for nodule classification by using 
current recommendations. Discrepancies were mainly caused by disagreement in the 
size and presence of a solid component in part-solid nodules, which led to potentially 
different management in the majority of cases.
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Abstract

Objectives: Lung-RADS represents a categorical system published by the American 
College of Radiology to standardize management in lung cancer screening. The purpose 
of the study was to quantify how well readers agree in assigning Lung-RADS categories 
to screening CTs; secondary goals were to assess causes of disagreement and evaluate its 
impact on patient management. 

Methods: For the observer study, 80 baseline and 80 follow-up scans were randomly 
selected from the NLST trial covering all Lung-RADS categories in an equal distribution. 
Agreement of seven observers was analyzed using Cohen’s kappa statistics. Discrepancies 
were correlated with patient management, test performance and diagnosis of malignancy 
within the scan year. 

Results: Pairwise interobserver agreement was substantial (mean kappa 0.67, 95% CI 
0.58–0.77). Lung-RADS category disagreement was seen in approximately one-third (29%, 
971) of 3360 reading pairs, resulting in different patient management in 8% (278/3360). 
Out of the 91 reading pairs that referred to scans with a tumor diagnosis within 1 year, 
discrepancies in only two would have resulted in a substantial management change.

Conclusions: Assignment of lung cancer screening CT scans to Lung-RADS categories 
achieves substantial interobserver agreement. Impact of disagreement on categorization 
of malignant nodules was low. 
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Introduction

The National Lung Screening Trial (NLST) demonstrated a decrease in lung cancer-specific 
mortality of 20% [1]. Together with follow-up research, this led to a recommendation of CT 
lung screening for eligible subjects by several organizations, including the US Preventative 
Services Task Force [2]. Lung cancer screening programs are now being implemented in 
the USA. Interpretation of CT scans for lung cancer screening is a labor-intensive task 
for radiologists and the assessment of malignancy risk in pulmonary nodules remains 
challenging. Various categorical management protocols and scoring systems have been 
developed to aid radiologists in the selection of high-risk nodules demanding a more 
invasive management [3–7]. Protocols are based on a combination of nodule type, nodule 
size, nodule growth, and other additional parameters such as subject characteristics and 
nodule morphology. 

In 2014, the American College of Radiology (ACR) published the Lung-RADS Assessment 
Categories to standardize the CT lung screening reporting and management 
recommendations and facilitate outcome monitoring [4]. Lung-RADS contains five 
categories to differentiate high-risk from low-risk nodules using nodule type, nodule 
size and growth as criteria. For nodule type, solid is differentiated from subsolid nodule 
composition with the latter having a relatively higher malignancy risk [8]. Nodule size is 
determined using manual diameter measurements and growth is defined as an increase of 
at least 1.5 mm in diameter. The primary criteria for the various Lung-RADS categories are 
described in Table 3.1. A negative screening result corresponds to category 1 (negative) 
or 2 (benign appearance), while a positive screening corresponds to category 3 (probably 
benign) or 4 (suspicious). The last category is further divided into category 4A and 4B 
based on the probability of malignancy (5–15% or greater than 15%). Category 4X is a 
special category for lesions that demonstrate additional features or imaging findings that 
increase the suspicion of malignancy [4]. It is well known that both visual assessment 
of nodule type and manual diameter measurements suffer from substantial observer 
variability [9–13]. It is therefore of importance to evaluate how well radiologists agree 
on such a categorical system that uses manual size measurements and visual nodule 
classification as two major input parameters. 

The purpose of this study was to quantify the interobserver variability for applying the 
Lung-RADS Assessment Categories to subjects having undergone low-dose screening 
computed tomography (CT). Secondary outcome parameters were the effects of 
interobserver variability on patient management and test performance.
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Table 3.1: Lung-RADS assessment category criteria

Lung-RADS 
Category Criteria Baseline CT scans Criteria Follow-up CT scans Management

1 No nodules, or nodules with 
complete, central, popcorn, or 
concentric rings of calcification, fat 
containing nodules

No nodules, or nodules with 
complete, central, popcorn, or 
concentric rings of calcification, fat 
containing nodules

Annual LDCT 
screening

2 SN <6 mm
PSN <6 mm in total diameter
GGN <20 mm

SN and PSN <6 mm
SN new <4 mm
GGN <20 mm or unchanged or 
slowly growing
Category 3-4 nodules unchanged 
at ≥3 months

Annual LDCT 
screening

3 SN ≥6 and <8 mm
PSN ≥6 mm in total diameter with 
solid component <6 mm
GGN ≥20 mm

SN new ≥4 and <6 mm
PSN new <6 mm
GGN new ≥20 mm

6 month LDCT

4A SN ≥8 and <15 mm
PSN ≥6 mm with solid component 
≥6 and <8 mm

SN growing <8 mm or new ≥6 and 
<8 mm
PSN ≥6 mm with new or growing 
solid component <4 mm

3 month LDCT; 
PET/CT

4B SN ≥15 mm
PSN with a solid component ≥8 
mm

SN new or growing and ≥8 mm
PSN 6 mm with new or growing 
solid component ≥4 mm

Chest CT with/
without contrast, 
PET/CT and/or 
tissue sampling

SN = solid nodule, PSN = part-solid nodule, GGN = pure ground-glass nodule

Materials and methods

Data
All study cases were derived from the NLST [14]. The NLST was approved by the institutional 
review board of all participating centers and all participants provided informed consent. 
This study has been registered by the NLST study board under number NLST-187. 

Assessment of Lung-RADS categories and study group
The NLST included 26,309 subjects that underwent at least one low-dose chest CT scan 
[14]. We received all scans (screening rounds T0, T1 and T2) from a random sample of 4512 
subjects. The NLST database provides information regarding nodule type, total nodule 
size and lobe location. Information regarding lung cancer diagnosis is available for all 
participants over a median follow-up period of 6.5 years. In total, 6121 nodule annotations 
were recorded in the database for these 4512 subjects. Lung-RADS categorization of all 
scans in this data set was performed to be used as selection criteria later in this study. 
Lung-RADS categories were assigned to all 6121 nodule annotations in the 4512 subjects 
using the pre-existing annotations from the NLST database with respect to nodule type 
(solid/part-solid/non-solid) and size (average of long and perpendicular diameter on axial 
section). This was done by a researcher (Ph.D. candidate with an M.Sc. degree in medicine) 
and a chest radiologist with more than 20 years of experience. Since category 4X is 
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based on subjective morphological criteria other than nodule type, size and growth, this 
category was disregarded in our study. The nodule with the highest Lung-RADS category 
determined the Lung-RADS category for the CT scan. For Lung-RADS categorization of 
the subsolid nodules listed in the NLST database, a medical student specifically trained 
in segmentation and classification of pulmonary nodules in screening CT scans semi-
automatically determined the size of the solid component because this information is 
not provided by NLST. Note that this pre-study Lung-RADS categorization is only used to 
select cases but did not serve as standard of truth. To ensure a balanced representation 
of all Lung-RADS categories, we formed an enriched study group. Using the Lung-RADS 
categories described above, we randomly selected 20 scans per category 1/2, 3, 4A and 
4B, respectively, out of the pool of 4512 participants. This was done separately for T0 and 
T1 scans. Lung-RADS categories 1 and 2 were grouped together. Thus, our final data set for 
the observer study consisted of 80 T0 scans, and 80 T1 CT scans with the corresponding 80 
T0 scans from a total of 160 unique subjects.

Observers and reading methodology
Three radiologists and four fifth-year radiology residents from five different medical 
centers participated in this study as observers. They had experience with pulmonary 
nodules and reading chest CT scans ranging from 4 to 30 years. One of them had 
experience with reading screening CTs. A dedicated workstation was used (CIRRUS 
Lung Screening, Radboud University Medical Center, Nijmegen, the Netherlands) which 
allowed for evaluating the complete CT scan in all three projections with interactive 
viewing tools such as magnification, manual diameter measurements and adjustment 
of window settings. Tools such as computer-aided detection (CAD) marks, volumetry 
or automatic linking of T0 and T1 scans were specifically disabled to mimic reading in 
a PACS environment without dedicated computerized applications. Nodule annotations 
made by readers were stored by the workstation in a local database. Readers were not 
informed about the selection or distribution of Lung-RADS categories within the study 
group. For the baseline scans, observers were asked to assess the complete CT scan, to 
define the risk-dominant nodule, select the nodule type (solid, part-solid, pure ground-
glass or calcified) and measure the longest and perpendicular diameters on axial sections, 
which were subsequently averaged and rounded to the nearest whole number [4]. Then 
they were asked to categorize the CT scan into either Lung-RADS category 1, 2, 3, 4A or 4B 
on the basis of the risk-dominant nodule. Readers were not asked to annotate all nodules; 
it was left to the readers’ discretion to annotate and measure only a single or—if it was 
felt necessary—several nodules in order to identify the risk-dominant nodule. For the 
follow-up cases, the T0 and T1 CT scans were shown next to each other on two separate 
monitors allowing the two scans to be reviewed side-by-side. T0 scans of the follow-up 
cases had been pre-read by the researcher and an expert radiologist both not involved 
in the observer study. Their annotations and Lung-RADS categories were available to the 
observers while they were asked to categorize the follow-up scans. All observers read all 
cases in different random order in at least two reading sessions with unlimited reading 
time available. A printout with Lung-RADS categories was available during the reading. 
Prior to the first reading session, each reader individually studied a set of 24 training 
cases including multiple cases per Lung-RADS category to get familiar with Lung-RADS 
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categorization. For each case, the pre-existing NLST annotations and the Lung-RADS 
category calculated from them were available to the reader for feedback.

Analysis of reading data 
Since the NLST did not assign CT scans to a Lung-RADS category, there was no reference 
standard. For every case, it was verified if observers had assigned the correct Lung-
RADS category to their own annotations; if not, such Lung-RADS assignment errors were 
documented and subsequently corrected by the researcher on the basis of the observer’s 
own nodule annotations. Linearly weighted Cohen’s kappa statistics was utilized to 
determine pairwise interobserver agreement for the Lung-RADS categorization of each 
CT scan. Pairwise kappa values were averaged over all possible observer pairs resulting in 
a mean kappa with a 95% confidence interval (CI). Kappa values were interpreted using 
the Landis and Koch guidelines [15]. Descriptive statistics were used where appropriate. 
Discrepant readings were subdivided into two groups dependent on whether the 
same or different nodules were assigned as being risk-dominant. Only same-nodule 
discrepancies were analyzed and assessed for variation in the assignment of nodule type, 
assessment of growth or categorical difference in absolute diameter measurement. To 
quantify the impact of reader variability on the actual test performance we assessed the 
observer variability for assigning baseline (T0) scans into screening-negative (Lung-RADS 
categories 1/2) or screening-positive scans (Lung-RADS categories 3, 4A or 4B) similar 
to Pinsky et al. [16] and McKee et al. [17]. Secondly, to assess the impact of observer 
disagreement on actual subject management, a distinction was made between minor and 
substantial management disagreement. A substantial management discrepancy referred 
to a difference in follow-up time of at least 9 months and occurred for disagreement 
between Lung-RADS categories 1/2 and 4A or 4B, respectively. Minor management 
discrepancies referred to a difference in follow-up of 6 months at maximum and occurred 
for disagreement between Lung-RADS categories 1/2 and 3, between categories 3 and 
4A or 4B, respectively, or between categories 4A and 4B, respectively. Numbers and 
percentages are reported.

Results

In 6% of all scores (68/1120), observers assigned the wrong Lung-RADS category to 
their own annotations. Those assignment errors were revised on the basis of the reader’s 
personal annotations of nodule type, size and growth. For the seven observers, it occurred 
on average in 8.5 cases with a range between 3 and 19. 

Interobserver agreement
Interobserver agreement for the Lung-RADS categories was substantial with a mean 
weighted kappa of 0.67 (95% CI 0.58–0.77) averaged over all observers. Weighted kappa 
values varied from 0.63 (95% CI 0.53–0.73) to 0.73 (95% CI 0.64–0.81) for the observer 
pairs, all being substantial. Interobserver agreement was slightly higher for baseline scans 
with a mean pairwise kappa of 0.70 (95% CI 0.58– 0.82), compared to 0.63 (95% CI 0.49–
0.77) for the follow-up scans. 
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Causes of Lung-RADS disagreement
When considering all possible reading pairs among the seven observers (21 pairs × 
160 scans = 3360 observations), disagreement with respect to CT categorization was 
observed in about one-third (971/3360, 29%) and resulting in substantial management 
difference in 8% of all reading pairs (278/3360). Reading discrepancies were divided into 
those related to the same risk-dominant nodule and into those related to different risk-
dominant nodules. 

Discrepancies related to the same risk-dominant nodule turned out to be the minority 
with 26% (250/971, 47 cases), in which the two observers assigned different Lung-RADS 
categories on the basis of differences in nodule size measurements (207/971, 21%), nodule 
type classification (37/971, 4%) or growth assessment (6/971, 1%). This led to substantial 
discrepancies with respect to case management in only one case (Lung-RADS 1/2 versus 
4A). This specific case is shown in Figure 3.1. The majority of pairwise disagreements 
(721/971, 74%), however, were caused by assigning different nodules as risk-dominant. 
Substantial management discrepancy between categories 1/2 and 4A or 4B occurred in 
38% (277/721) of them and occurred in 48 of the 160 subjects. In the majority of those 
cases (77%, 553/721) the readers annotated only one nodule, namely the risk-dominant 
one of his/her choice. In the minority of cases (23%, 168/721) observers annotated two 
nodules but assigned a different risk stratification as a result of variations in nodule type 
classification (47/168, 28%), diameter measurement or growth assessment (121/168, 72%). 
Details are provided in Table 3.2. Figure 3.2 shows examples of cases where observers 
disagreed for various reasons.

Impact of nodule size on Lung-RADS disagreement
No correlation was seen between nodule size and reader disagreement. In 94 of the 
160 study subjects at least one discrepant reading pair was seen. Only low-risk and thus 
smaller nodules (categories 1/2 or 3) were recorded in 29 subjects, and only higher-risk 
and thus larger nodules (categories 3, 4A and/or 4B) were recorded in 17 subjects. In the 
remaining 48 subjects a mix of low- and higher-risk nodules was recorded.

Impact of observer variability on test performance
For the seven observers the mean percentage of screening positive scans out of all scans 
was 53% (86/160) with a range between 44% and 61%. Correspondingly the screening 
negative scan rate was 47% (74/160) with a range between 39% and 56%. Observer 
pairs differed on average in 12/160 cases (8%) with a range of 1–27 cases between those 
screening positive or negative. According to the NLST database, in 13 cases lung cancer 
had been diagnosed in the same year as the CT scan included in this study. Pooled over all 
seven observers, the CT scans of these 13 subjects were classified as Lung-RADS category 
4B in 78% (71/91) and as Lung-RADS 4A in 18% (16/91). The remaining four classifications 
referred to the same scan and included Lung-RADS 3 (n = 2) and Lung-RADS 1/2 (n = 2), all 
of them referring to a non-malignant nodule in the same scan while the actual malignant 
nodule was not perceived as the risk-dominant lesion. 
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 A B
Figure 3.1: Two examples of risk-dominant nodules characterized differently by the seven observers 
which led to Lung-RADS classification differences. Each example shows a nodule displayed in 
magnified view (left column, field of view of 60 × 60 mm) and normal view (right column). The three 
different rows show axial (top), coronal (middle) and sagittal (bottom) plane. A T1 CT scan with a 
nodule that was classified as Lung-RADS 2 by one observer (new small solid nodule), Lung-RADS 4A 
by one observer (new part-solid with solid component < 4 mm) and Lung-RADS 4B by five observers 
(new part-solid, with solid component > 4 mm). B T1 CT scan with a nodule that was classified 
as Lung-RADS category 4A or 4B by five observers (new solid nodule with a measured diameter 
ranging from 7 to 9.6 mm) and Lung-RADS category 4B by two observers (new part-solid nodule 
with a solid component > 4.0 mm).

Table 3.2: Factors of disagreement in Lung-RADS category assessment on observer basis
Cause of observer disagreement Number
Same risk-dominant nodule 250 (26%)
Interpretation: different nodule type 37 (15%) 
Interpretation: nodule diameter measurement 207 (83%) 
Interpretation: nodule growth 6 (2%) 

Different risk-dominant nodule 721 (74%) 

Total 971 (100%)
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Figure 3.2: One example of a risk-dominant nodule characterized differently by the observers 
which led to Lung-RADS classification differences with impact on subject management within 
one observer pair. Each example shows a nodule displayed in magnified view (left column, field 
of view of 60 × 60 mm) and normal view (right column). The three different rows show axial (top), 
coronal (middle) and sagittal (bottom) plane. This was a benign nodule detected on a T0 scan and 
was classified as Lung-RADS 4A by one observer (solid nodule with a measured diameter of 9 mm), 
Lung-RADS 3 by five observers (solid nodule with measured diameters of 6 or 7 mm) and Lung-
RADS 2 by one observer (solid nodule with a measured diameter of 5 mm).
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Discussion

The diagnostic and economic success of a lung cancer screening program will depend 
on accurate and reproducible differentiation between high-risk nodules, requiring more 
intense work-up, and low-risk nodules. Therefore, the ACR developed the Lung-RADS 
Assessment Categories to support radiologists in their decision-making by standardizing 
lung cancer screening CT reporting and management recommendations [4]. The Lung-
RADS categories in their current format are based on visual nodule type classification, 
manual nodule size and documentation of growth. For both reading tasks substantial 
interobserver variability has been reported previously [9–13]. The goal of our study was 
therefore to quantify interobserver variability for Lung-RADS categorization of low-dose 
screening CTs and to assess its impact on test performance and subject management. To 
ensure adequate representation of all Lung-RADS categories we used an enriched study 
group that included baseline and follow-up CTs. 

We found an overall substantial pairwise inter-reader agreement of Lung-RADS 
categorization of screening CT scans, which underlines the value of this categorical system 
in harmonizing interpretation and management of screening CTs. Agreement was slightly 
higher for baseline scans than for follow-up scans (kappa 0.71 versus 0.63). This finding 
might be explained by the fact that for follow-up the complexity of visual assessment 
including comparison and determination of nodule growth is higher than for baseline 
alone. 

Variability of Lung-RADS categorization may refer to the same risk-dominant nodule or to 
assignment of different nodules as risk-dominant. The first was less common (26%) and 
most importantly had only very rarely a substantial impact on subject management (0.4%). 
The latter was seen much more frequently (74%) and led to a management difference (≥ 
9 months difference in follow-up time) in 8% of all reading pairs. Interestingly, not only 
measurement and classification differences were responsible for these discrepancies but 
apparently also differences in nodule perception given the fact that in the majority of 
different nodule categorization the readers selectively annotated their risk-dominant 
nodule of choice. We did not ask the observers to annotate all nodules detected but left it 
to their discretion which nodules would be measured. While in the NLST trial, annotation 
of all nodules larger than 4 mm was requested, no recommendation is made in Lung-
RADS concerning this issue. Therefore, it remains open to what extent differences in 
detection or characterization contributed to the reader variability. Similarly, Pinsky et al. 
reported earlier that nodule detection and documentation substantially varied between 
screening radiologists in the NLST trial [18]. Another factor that may have contributed to 
disagreement is the small separation between Lung-RADS categories. For example, the 
difference between a Lung-RADS 2 solid nodule and a Lung-RADS 4A solid nodule is only 
2.1 mm (5.4 mm is Lung-RADS 2, 7.5 mm is Lung-RADS 4A). This “closeness” of the Lung-
RADs categories may also explain why despite relatively frequent disagreements, only a 
small proportion had effects on patient management. 

The primary objective of this observer study was to quantify variability of Lung-RADS 
categorization without special focus on actual malignancies. Subjects were randomly 
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included in the study group to ensure a balanced distribution of all Lung-RADS categories, 
and consequently the number of scans with malignancies diagnosed in the year of the 
scan was limited (n = 13). The actual histology of these malignancies is unknown to us. 
Nevertheless, though the number of discrepancies with substantial management impact 
seems not negligible, it has to be underlined that the number of discrepancies was 
low in these 13 CTs. With the exceptions of four readings, the malignant nodules were 
categorized as Lung-RADS 4A or 4B, resulting in intensive further diagnostic work-up, and 
for only two readings the discrepancy resulted in a potential delay of more than 9 months. 

All observers read 24 cases prior to reading the study data set in order to become familiar 
with the Lung-RADS definitions. They also had a printout of the original Lung-RADS 
assessment rules available during their reading. Nevertheless, wrong assignment of the 
Lung-RADS category criteria occurred in 6% of all readings and in 8.5 cases on average per 
observer. Since the main goal of our study was to investigate inter-reader variability as a 
result of different nodule interpretation, we adjusted incorrect Lung-RADS categories to 
the observer’s own nodule annotations before data analysis. However, wrong assignment 
of the Lung-RADS category may turn out to be a problem in practice as well. Computerized 
tools that automatically assign the correct Lung-RADS category of a scan once the 
pertinent data of one or more nodules have been entered may therefore prove useful [19]. 

Our study has some limitations. Reader experience plays an important role in observer 
studies. To capture a realistic estimation of the extent of observer variability and its impact 
on patient management, we included a broad range of observers with and without 
experience reading actual screening CTs. All readers, however, were well trained in 
thoracic CT and skilled in interpreting nodules, thus representing radiologists potentially 
involved in screening in the future. Parts of the observer variability, especially with respect 
to identification of the risk-dominant nodule, might still be related to lack of experience, 
suggesting that dedicated training is important, as also articulated by the ACR [20]. 
Interestingly, no significant differences in agreement were observed between residents 
and radiologists. 

Other limitations are related to the study design. We used an enriched cohort consisting 
of 160 cases categorized as Lung-RADS category 1/2, 3, 4A and 4B on the basis of our 
algorithm. We chose this approach to be able to draw meaningful conclusions over the 
whole spectrum of nodules. This, however, means that our results need to be interpreted in 
the light of the enriched study group and cannot simply be extrapolated to an unselected 
screening cohort. 

Secondly, the Lung-RADS category 4X was not considered in this study. This category gives 
radiologists the opportunity to upgrade a Lung-RADS category 3 or 4A nodule to category 
4X on the basis of suspicious morphological findings and resulting in intensified possibly 
invasive diagnostic workup. In addition to quantitative measures it adds subjective 
assessment of nodule morphology which we aimed to exclude from our analysis. 
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Thirdly, no reference standard was available for this data set, since Lung-RADS was not 
used in the original NLST annotations. As our study focuses on the effect of interobserver 
variability and its impact on management no reference standard was required. 

Fourthly, since we did not ask our readers to annotate all identifiable nodules, we were 
not able to investigate whether the assignment of different nodules as risk-dominant 
was caused by an error in detection or an error in characterization. In future studies, this 
should be taken into account. 

Lastly, we defined a difference in follow-up of at least 9 months as a substantial impact 
on patient management. However, whether observer variations would have an impact on 
tumor stage and eventually patient outcome remains open. 

In summary, the Lung-RADS Assessment Categories achieved substantial interobserver 
agreement. Disagreement was mainly caused by assigning a different risk-dominant 
nodule. In our enriched cohort disagreement led to different follow-up interval of 
more than 9 months in 8% of all reading pairs with little effect on the diagnosis of the 
malignancies within this series. The use of (semi-) automatic detection, segmentation and 
classification tools would likely reduce disagreement amongst readers, but the availability 
of these tools in clinical practice is still low and they require careful standardization.
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Abstract

Objectives: Lung cancer risk models should be externally validated to test generalizability 
and clinical usefulness. The Danish Lung Cancer Screening Trial (DLCST) is a population-
based prospective cohort study, used to assess the discriminative performances of the 
PanCan models.

Methods: From the DLCST database, 1,152 nodules from 718 participants were included. 
Parsimonious and full PanCan risk prediction models were applied to DLCST data, and 
also coefficients of the model were recalculated using DLCST data. Receiver operating 
characteristics (ROC) curves and area under the curve (AUC) were used to evaluate risk 
discrimination.

Results: AUCs of 0.826-0.870 were found for DLCST data based on PanCan risk prediction 
models. In the DLCST, age and family history were significant predictors (p = 0.001 and 
p = 0.013). Female sex was not confirmed to be associated with higher risk of lung cancer; 
in fact, opposing effects of sex were observed in the two cohorts. Thus, female sex 
appeared to lower the risk (p = 0.047 and p = 0.040) in the DLCST.

Conclusions: High risk discrimination was validated in the DLCST cohort, mainly 
determined by nodule size. Age and family history of lung cancer were significant 
predictors and could be included in the parsimonious model. Sex appears to be a less 
useful predictor.
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Introduction

Lung cancer is the primary cause of cancer-related death in the world [1]; thus, lung cancer 
screening trials have been performed widely in an attempt to intervene in early stage 
disease—hopefully resulting in reduced mortality. The NLST (National Lung Screening 
Trial) showed a 20% reduction in lung cancer mortality as well as 6.7 % decrease in all-
cause mortality with low-dose computed tomography (CT) screening versus conventional 
chest radiography [2]. However, the benefit-to-harm ratio is still not fully investigated and 
false positive screens remain a worrying issue [3]. Targeting lung cancer screening and 
maximizing screening benefits are the focus of future research. In this respect, selecting 
high-risk individuals and identifying high-risk pulmonary nodules are crucial elements 
of any lung cancer screening program. Various risk prediction models using patient 
characteristics as well as clinical risk factors have been suggested, some focusing on pre-
screen or early-screen risk for selection of high-risk individuals (where no nodules have 
been found yet) [4–8], others focus on risk of malignancy of pulmonary nodules detected 
in screening [9–12]. 

In order for a model to prove clinically useful, it must prove not only to perform well in 
the original cohort, from which it was developed, but also on external data sets, thus 
documenting generalizability. Therefore, validation of suggested risk prediction models 
is essential. 

The recently proposed risk prediction models exploring the probability of cancer in 
pulmonary nodules detected on first screening CT suggested by McWilliams et al. [12] 
were performed on the cohort originating from the Pan-Canadian Early Detection of Lung 
Cancer Study (PanCan). For validation, data from participants from chemoprevention 
trials from the British Columbia Cancer Agency (BCCA) were used. Parsimonious and 
full logistic multivariable regression models were performed. The parsimonious model 
included variables with p less than 0.05: sex, nodule size and nodule location. In the 
full model, variables with p values less than 0.25 and greater than 0.05 were added: 
age, family history of lung cancer, visually assessed emphysema, nodule type (nonsolid 
or with ground-glass opacity, part-solid or solid) and nodule count per scan. Both the 
parsimonious and the full model were performed with and without the inclusion of the 
variable spiculation, because this variable was not available from the BCCA dataset. In the 
study, receiver operating characteristics (ROC) curves with areas under the curve (AUC) of 
at least 0.90 were achieved. 

The Danish Lung Cancer Screening Trial (DLCST) is a population-based prospective 
randomized controlled trial with extended data on patient characteristics and both 
nodule characteristics and visual evaluations of emphysema [13]. In this study, we assess 
the discriminative performance of the PanCan model using the DLCST cohort.
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Method

Study population
We used data from the DLCST, in which participants between the ages of 50 and 70 years 
with a smoking history of at least 20 pack-years, and a lung function of at least 30% of the 
predicted, were randomized to either five annual low-dose CT examinations or annual 
control visits without imaging. Participants were either continuous smokers or ex-smokers 
who had quit after the age of 50 years and no more than 10 years prior to entering the 
study. A detailed description of the study has been previously published [14]. 

The DLCST was approved by the Ethics Committee of Copenhagen County and fully 
funded by the Danish Ministry of Interior and Health. Approval of data management in 
the trial was obtained from the Danish Data Protection Agency. The trial is registered in 
the ClinicalTrials.gov Protocol Registration System (identification no. NCT00496977). All 
participants provided written informed consent.

Imaging
The screening group was examined on CT annually over a period of 5 years, using a multi-
slice CT system (16-row Philips Mx 8000, Philips Medical Systems). Examinations were 
performed supine after full inspiration using a low dose technique (120 kV and 40 mAs) 
with the following specifications: section collimation 16 × 0.75 mm, pitch 1.5 and rotation 
time 0.5 s. Participants were instructed to first hyperventilate three times and then inhale 
maximally and hold their breath during imaging. Images were reconstructed with two 
kernels: thick (3 mm) and thin (1 mm) slice thicknesses using soft and hard algorithms 
(kernel C and D), respectively. Nodule analyses and visual assessments were performed 
on thin slices.

Nodule data
In this study, participants randomized to the screening arm of DLCST with at least one 
nodule without benign calcification pattern were included. Benign calcification pattern 
was defined as central, laminated, popcorn or diffuse calcification. 

Two experienced chest radiologists (KB and HH) were responsible for the initial assessments 
of the images during the course of the screening, in which nodule size was manually 
measured and given as an average of the two observations. A nodule diameter of 3 mm 
was considered the lower limit of a positive finding in the initial evaluation in DLCST. 
One experienced chest radiologist (ES), blinded to diagnoses of lung cancer, recorded 
spiculation and patterns of benign or potentially malignant calcification, and categorized 
the nodules according to type: perifissural, solid, part-solid or nonsolid (pure ground-
glass). All nodules found throughout the study period were included with the image on 
which they were first seen. Perifissural nodules were not included in the prediction analysis 
using PanCan model coefficients, as no coefficient was stated for this nodule subtype 
owing to the very low risk of malignancy. In this study, nodule count during the whole 
period of observation was used as opposed to nodule count per scan used in the PanCan 
study; the DLCST data registration only allowed for this analysis. One nodule which was 
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classified as a benign calcification turned out to be malignant. This nodule was removed 
from the analysis as a result of the benign classification by the blinded radiologist (ES).

Data on emphysema
Baseline study images were evaluated for emphysema by one observer (MW, radiology 
resident with 3 years of chest radiology experience) blinded to study identifiers as well 
as presence or absence of lung cancer in the individual participant. Thus, images were 
selected so no lung cancer findings were revealed, and in case a cancer was present in 
the baseline scan, the second-round scan, in which the cancer had been removed, was 
chosen instead. Consequently, no lung cancers were shown to the observer, who recorded 
emphysema as present or not present. If scans without nodules were unavailable, this 
participant was not included in the emphysema assessment. A detailed description of the 
method for assessment of emphysema has been previously published [13].

Statistical analysis
Basic comparative statistics were performed with the use of Student’s t test for continuous 
data and Fisher’s exact test for categorical data. 

To estimate the lung-cancer-risk predictive ability of the PanCan models, risks were 
calculated with coefficients and intercepts in accordance with the PanCan risk models, 
using both the parsimonious and full models with spiculation (1b and 2b). For nodule 
size, transformations were performed as a result of non-linearity in the relationship 
between size and risk of lung cancer [12]. The ability of the PanCan risk prediction models 
to separate persons in the DLCST cohort who developed lung cancer from those who did 
not was assessed by measuring discriminative accuracy with the use of ROC and AUC. 
Secondly, multivariable logistic regression analyses were performed using DLCST data 
and covariates from the PanCan parsimonious and full models, thereby estimating new 
regression coefficients for comparison. Because some participants had more than one 
nodule, the variances of effect estimates were adjusted for correlated responses (clustering 
of data within persons, Huber–White method). ROC and AUC were used to evaluate risk 
prediction. Difference between AUCs was tested by use of paired bootstrapping based on 
1,000 bootstrapped samples. Statistical programming and figures were performed using 
R, version 3.1.1, packages rms, pROC and ROCR.

Results

In DLCST, 823 persons were diagnosed with 1,385 nodules of which 233 nodules were 
classified as benign calcifications and excluded, leaving a total of 718 persons and 1,152 
nodules to be included in the analyses. 

Table 4.1 shows nodule characteristics by lung cancer status, in PanCan, BCCA and DLCST, 
respectively. The smallest nodule diameter in DLCST was 3 mm; hence, nodules are 
generally larger than in the PanCan and BCCA cohorts, in which nodules with a diameter 
of only 1 mm were included. Mean diameters differ markedly from median diameters, and 
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the distributions of nodule sizes are skewed. Therefore, mean nodule sizes and standard 
deviations are of limited interpretive value. 

Malignancy was significantly related to nodule type (Table 4.1); thus, perifissural nodules 
had a very low risk (OR 0.1, p = 0.017), and part-solid nodules were associated with 
increased risk (OR 2.9, p = 0.009). 

Included participants had a mean age of 59.0 years (SD 4.9); participants with cancer were 
slightly older than participants without cancer (mean age 61.6 (SD 4.9) versus 58.8 (SD 4.8) 
years, p <0.001). 

There were 338 women (47.1 %) and 380 (52.9 %) men included in the study. Of these, 66 
were diagnosed with lung cancer, six participants had more than one malignant nodule. 
Lung cancer tended to be less frequent in women compared to men (OR 0.71, p = 0.205), 
and emphysema was a co-finding of 36.9% of benign nodules and of 38.7% of malignant 
nodules (OR 1.1, p = 0.788). Thirteen participants (four with lung cancer and nine without) 
with nodules included in this study lack emphysema assessment and were thus excluded 
from the full model logistic regression. 

Tables 4.2 and 4.3 show results from the parsimonious and full models, respectively, 
comparing PanCan and DLCST results. In PanCan, female sex implied a higher risk 
(parsimonious model: OR 1.91 (CI 1.19–3.07), p = 0.008; full model: OR 1.82 (CI 1.12–2.97), 
p = 0.02), whereas in DLCST, female sex tended to lower the risk (parsimonious model: OR 
0.55 (CI 0.31–0.96), p = 0.047; full model: OR 0.49 (CI 0.26–0.91), p = 0.040). Furthermore, 
in DLCST age (OR 1.10 (CI 1.03–1.17), p = 0.001) and family history (OR 2.61 (CI 1.37–4.98), 
p = 0.013) were significant predictor variables in the full model (Table 4.3). Spiculation is 
a major predictor of malignancy in DLCST (parsimonious model: OR 3.77 (CI 1.72–8.30), p 
= 0.002; full model: OR 3.40 (CI 1.36–8.46), p = 0.013); and nodule size is by far the most 
important determinant in both the parsimonious and full models (regression coefficients 
−4.1909 and −3.8075, respectively, p <0.001). ROC curve analysis using exclusively nodule 
size as the determinant variable, with DLCST coefficients, resulted in an AUC of 0.829. 

For the parsimonious model with DLCST data (Figure 4.1), AUCs were 0.826 and 0.853 
using PanCan and DLCST coefficients, respectively; and for the full model (Figure 4.2), 
AUCs were 0.834 and 0.870 using PanCan and DLCST coefficients, respectively. Using 
DLCST coefficients, AUC of the full model was not significantly larger than AUC of the 
parsimonious model (AUC 0.870 vs. 0.853, p = 0.064). AUC of the full model is significantly 
larger than AUC if nodule size is the only determinant (AUC 0.870 vs. 0.829, p = 0.015), but 
AUC of the parsimonious model was not significantly larger than AUC if nodule size is the 
only determinant (AUC 0.853 vs. 0.829, p = 0.065). 

The non-linear transformation of nodule size used in the PanCan study (1/√nodule 
diameter) resulted in the same AUCs as did use of the transformation 1/log (nodule 
diameter).
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Table 4.3: PanCan vs. DLCST for full model
Predictor 
variables

PanCan full model 2b
PanCan data DLCST data

Odds ratio  
(95% CI)

P value Coefficient Odds ratio  
(95% CI)

P value Coefficient

Age, per yeara 1.03 (0.99-1.07) 0.16 0.0287 1.10 (1.03-1.17) 0.001 0.0949
Sex, female vs. 
male 

1.82 (1.12-2.97) 0.02 0.6011 0.49 (0.26-0.91) 0.040 -0.7134

Family history of 
lung cancer, yes 
vs. no

1.34 (0.83-2.17) 0.23 0.2961 2.61 (1.37-4.98) 0.013 0.9582

Emphysema, yes 
vs. no

1.34 (0.78-2.33) 0.29 0.2953 0.74 (0.40-1.36) 0.382 -0.3024

Nodule sizea <0.001 -5.3854 <0.001 -3.8075
Nodule type
Non-solid 
(ground-glass)
Part-solid
Solid

0.88 (0.48-1.62)
1.46 (0.74-2.88)

Reference

0.68
0.28

-0.1276
0.3770

Reference

0.95 (0.39-2.28)
1.72 (0.72-4.10)

Reference

0.910
0.218

-0.0562
0.5439

Reference

Nodule location, 
upper vs. middle/
lower lobe

1.93 (1.14-3.27) 0.02 0.6581 2.27 (1.24-4.16) 0.008 0.8211

Nodule count, per 
each additional 
nodulea

0.92 (0.85-1.00) 0.049 -0.0824 0.99 (0.82-1.19) 0.927 -0.0142

Spiculation, yes 
vs. no

2.17 (1.16-4.05) 0.02 0.7729 3.40 (1.36-8.46) 0.013 1.2229

Model constant -6.7892 -4.7364

a 62 years subtracted from actual age; 4 mm subtracted from actual nodule size; 4 subtracted from 
actual number of nodules in nodule count. This is done in accordance with PanCan original models 
to center on PanCan mean age, nodule size and count. 

Figure 4.1: ROC curves with AUC using PanCan parsimonious model 1b on DLCST data.
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Figure 4.2: ROC curves with AUC using PanCan full model 2b on DLCST data. 

Discussion

The high-risk discrimination ability of the PanCan risk prediction models was largely 
validated by DLCST data from Denmark. However, AUCs did not reach 0.90. The specific 
AUCs of the different PanCan models were not reported in the original paper, and thus, 
exact comparisons are not possible. 

Nodule size and spiculation are confirmed to be very significant risk predictor variables in 
both PanCan and DLCST (Tables 4.2, 4.3 and Figure 4.3). 

An important difference between the PanCan and the DLCST cohorts is the difference in 
nodule size of the included nodules; nodules with diameters of only 1–2 mm are included 
in the PanCan cohort, whereas 3 mm was the lower limit in DLCST. Thus, the mean diameter 
of benign nodules differs by almost 3 mm. We hypothesize that the stronger performance 
in the original PanCan risk prediction model cohort is mainly due to the inclusion of many 
very small nodules in the PanCan study. A nodule of 1–2 mm is hardly ever malignant, and 
this causes the discriminative power of the risk model to appear stronger than it actually 
is when it comes to cases of more doubt (bigger benign nodules). 
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Figure 4.3: Malignant solitary pulmonary nodule with spiculation and part-solid opacity. Low-dose 
chest screening CT from DLCST.

With recent advances in automated nodule volumetry and volume doubling time 
measurements, a potential improvement in risk prediction by the use of these for size 
estimation, instead of using subjective, visual diameter measurement, could be tested. 

When using DLCST data, age and family history were both significant predictors, and 
they should probably be added to a future parsimonious model. Age is a well-known 
lung cancer risk factor, and it is generally recognized that the incidence of lung cancer 
increases significantly with age [15]. Familial aggregation of lung cancer—across 
histological subtypes— has previously been documented, an effect that remains present 
after adjustment for confounders such as socio-economic status and smoking habits [16]. 

According to our logistic models, the effect of sex seems to be opposite in the original 
PanCan models: in the DLCST cohort, female sex appears to lower the risk of lung 
cancer. It is still controversial whether women have a different susceptibility to tobacco 
carcinogens; also, it is important to consider both sex-related, i.e. biological differences, 
and gender related, i.e. socially constructed, differences between men and women; 
the latter differ substantially between cultures and countries, and thus a generalized 
cross-culture risk prediction based on sex may be difficult [17]. Complex interactions of 
genetics, environmental and social constructions complicate conclusions [18], and these 
contradicting results suggest that sex should probably be removed from the model, 
as no true sex-related and culture-independent difference in lung cancer risk can be 
concluded, and it is certainly not supported by our results. The total number of malignant 
nodules was 102 in PanCan, 42 in BCCA and 66 in DLCST, and some nodules appeared 
in the same participants; therefore, as a result of the limited total numbers of included 
participants with lung cancer in PanCan, BCCA and DLCST, observed sex differences could 
be a matter of chance. Emphysema is not significantly associated with nodule malignancy 
in this validation cohort, nor was it in the PanCan study. It has, however, previously been 
shown that emphysema is significantly associated with lung cancer [19, 20], but perhaps 
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emphysema is associated with increased risk of both benign and malignant nodules, and 
thus less useful in nodule-malignancy determination. 

Regarding nodule count, it is possible that the different ways of counting the nodules in 
DLCST compared to PanCan (accumulative over the whole period of screening compared 
to nodule count in first scan only) is accountable for the differences in OR and p values 
observed; no effect was seen in DLCST, whereas significant reduction in lung cancer risk 
was seen with increasing nodule count in PanCan. Because we included all nodules found 
during all screening rounds in DLCST, and because the data in DLCST did not systematically 
include time of nodule disappearance, nodule count per scan could not be accurately 
calculated in DLCST, and thus accumulated nodule count was used instead. 

In the PanCan risk prediction model paper it is stated that smoking history was not 
independently associated with lung cancer in the fully adjusted model and was thus left 
out. It is unclear how smoking history was defined (pack-years, smoking duration, etc.); 
also, there are other non-significant predictor variables, which indeed were included 
in the PanCan full model. Both tobacco exposure (pack-years) and lung function have 
previously been shown in several studies to be important predictors [8, 19, 20], and they 
should probably be included as predictor variables in future studies. Asbestos exposure 
and inhalation of other harmful particles could also be tested for risk predictive potential. 

Lastly, we suggest further validation of the risk prediction models in cohorts with higher 
prevalence of malignant nodules and where small, benign nodules are less common, as 
we see in daily clinical practice.

Conclusion

The PanCan risk prediction models show high lung cancer risk discrimination for solitary 
pulmonary nodules in the DLCST cohort, the prediction being mainly based on nodule 
size. However, we suggest inclusion of age and family history of lung cancer as predictor 
variables in the parsimonious model as well; these variables were significant predictors 
in DLCST. In addition, we propose the variable sex be removed from the models, as our 
results did not support the PanCan conclusion that female sex is associated with increased 
risk; further work confirming the role of sex in risk stratification in different populations is 
needed.
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Abstract

Objectives: To compare the PanCan model, Lung-RADS and the 1.2016 National 
Comprehensive Cancer Network (NCCN) guidelines for discriminating malignant from 
benign pulmonary nodules on baseline screening CT scans and the impact diameter 
measurement methods have on performances.

Methods: From the Danish Lung Cancer Screening Trial database, 64 CTs with malignant 
nodules and 549 baseline CTs with benign nodules were included. Performance of the 
systems was evaluated applying the system’s original diameter definitions: Dlongest-C 
(PanCan), DmeanAxial (NCCN), both obtained from axial sections, and Dmean3D (Lung-RADS). 
Subsequently all diameter definitions were applied uniformly to all systems. Areas under 
the ROC curves (AUC) were used to evaluate risk discrimination.

Results: PanCan performed superiorly to Lung-RADS and NCCN (AUC 0.874 vs. 0.813, 
p = 0.003; 0.874 vs. 0.836, p = 0.010), using the original diameter specifications. When 
uniformly applying Dlongest-C, Dmean3D and DmeanAxial, PanCan remained superior to Lung-RADS 
(p < 0.001 - p = 0.001) and NCCN (p < 0.001 - p = 0.016). Diameter definition significantly 
influenced NCCN’s performance with Dlongest-C being the worst (Dlongest-C vs. Dmean3D, p = 0.005; 
Dlongest-C vs. DmeanAxial, p = 0.016).

Conclusions: Without follow-up information, the PanCan model performs significantly 
superiorly to Lung-RADS and the 1.2016 NCCN guidelines for discriminating benign from 
malignant nodules. The NCCN guidelines are most sensitive to nodule size definition.
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Introduction 

The cost-effectiveness of a lung cancer screening program is influenced by the lung nodule 
management protocol [1]. Differentiating high-risk nodules from low-risk nodules based 
on nodule characteristics remains a difficult task [2, 3]. To aid radiologists in recommending 
the most appropriate follow-up procedure, several categorical management protocols 
and scoring systems have been published recently. In 2014, the American College of 
Radiology (ACR) published version 1.0 of the Lung-RADS Assessment Categories to 
standardize the CT lung screening reporting and management recommendations [4]. 
Both Lung-RADS and the 1.2016 National Comprehensive Cancer Network (NCCN) 
base their nodule management on nodule type, size and nodule growth over time [5]. 
Their category definitions and associated management recommendations have been 
determined empirically based on previous publications and clinical experience, resulting 
in slight variations across systems. 

In 2013, the PanCan prediction models were published [6], estimating the probability 
of cancer in pulmonary nodules detected on first-screening CT scans. The parameters 
of these models were mathematically derived based on screening data. In addition to 
nodule-related aspects such as size, type or location, they take subject characteristics into 
account to compute a nodule risk index on a continuous scale. Validation of these models 
was performed using data from chemoprevention trials of the British Columbia Cancer 
Agency (BCCA) [6], and independently of that using the Danish Lung Cancer Screening 
Trial (DLCST) [7], revealing areas under the receiver operating characteristic (ROC) curve 
(AUC) ranging from 0.940 for the first to 0.834 for the latter. 

The nodule management strategy has a large impact on screening programs, especially 
when large databases need to be analyzed. Since it remains unclear which approach 
works best to determine the subgroup of screen-detected nodules that require more 
intense work-up, we were interested in the performance differences between these three 
strategies. 

The purpose of this study was to compare the performance of the PanCan model, Lung-
RADS and the 1.2016 NCCN guidelines to differentiate the same set of malignant from 
benign screen-detected pulmonary nodules and to determine the impact of different 
diameter measurement methods on the model’s performances.
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Methods 

Materials 
All study cases in this retrospective study were derived from the DLCST. Details regarding 
the DLCST protocol have been reported previously [8]. Approval by the DLCST ethics 
committee as well as informed consent from all participants were received. 

Data selection 
We considered nodules annotated by at least one of the two screening radiologists. 
From the baseline annotations, two groups were defined: (i) nodules that were found to 
be cancer and (ii) nodules considered benign within the follow-up of approximately 9 
years. In total, 70 primary lung cancers were found in 64 participants. For the malignant 
nodules, the scan on which the malignant nodule was annotated for the first time by 
at least one screening radiologist was included in the study. As a consequence, for 29 
cancers in 27 participants, the scan included in this study did not represent the baseline 
CT (T0) scan. For eight of these participants the T0 scans with annotated benign nodules 
were excluded, in order to have only one CT scan input per participant. All other benign 
nodules annotated at T0 by a screening radiologist were included. In total, the dataset 
consisted of 930 nodules in 613 participants: 70 malignant nodules in 64 participants and 
860 benign nodules in 549 participants. 

CT acquisition 
All CT scans were performed using a multi-detector CT scanner (16-row Philips Mx 8000, 
Philips Medical Systems, Eindhoven, The Netherlands), with a low-dose protocol of 120 kV 
and 40 mAs, and reconstructed in thin sections (1 mm) [8]. 

Quantitative nodule assessment 
All nodules were semi-automatically segmented to assess the longest and perpendicular 
diameter on axial sections, the mean diameter based on volumetric information of the 
total nodule and, if present, of the solid component (CIRRUS Observer, Diagnostic Image 
Analysis Group, RadboudUMC, Nijmegen, The Netherlands). The mean diameter based on 
volumetry refers to the diameter of a sphere that is adapted as close as possible to the 
nodule extension in all three dimensions. 

PanCan prediction model 
We used the full model including spiculation (2b), which will be referred to as the PanCan 
model throughout the text to calculate the nodule risk index on a continuous scale for each 
nodule [6]. The PanCan model considers the parameters age, sex, family history of lung 
cancer, emphysema, nodule size, nodule type, nodule location, additional nodule count 
per scan and spiculation. Based on the study by McWilliams et al. [6], the longest diameter 
on axial sections was used as the definition of nodule size, derived from computerized 
semi-automated volumetric segmentations (Dlongest-C). Manually measured diameters were 
also available from the DLCST database (Dlongest-M). The parameters nodule type (solid, part-
solid, pure ground-glass or perifissural nodule (PFN)), presence of emphysema, spiculation 
and nodule calcification were scored according to the PanCan model definitions by an 
experienced radiologist (E.Th.S), who was involved in the readings of the NELSON trial 
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[9]. All other parameters were available from the DLCST database. Completely calcified 
and perifissural nodules were excluded in the PanCan model and therefore given a nodule 
risk index of 0% in our study. Although the PanCan model outcome uses a continuous 
scale in the range of 0–100%, cut-off points of the PanCan model’s nodule risk index have 
been published to serve as a framework to guide clinical investigators, consisting of four 
categories [10]. 

Lung-RADS assessment categories 
Lung-RADS consists of five categories, which are based on nodule type, size and growth. 
Since we did not include follow-up information, we did not consider growth in our study. 
In the original publication, nodule size was defined as the average diameter, rounded to 
the nearest whole number. We therefore used the 3D mean diameter derived from semi-
automated volumetric segmentations (Dmean3D). All nodules were assigned to one of the 
categories as proposed by the ACR [4]. 

National Comprehensive Cancer Network guidelines 
The NCCN developed guidelines for management of screen-detected pulmonary nodules, 
based on nodule type, size and nodule growth. Nodule size was defined in the guidelines as 
the mean of the longest diameter and the perpendicular diameter on axial sections (DmeanAxial). 
In this study we used the NCCN guidelines published in 2015 (version 1.2016). All nodules 
in our study were assigned to one of six categories as proposed by the guidelines [5]. The 
criteria for the categories of the scoring systems described above are specified in Table 5.1. 

Statistical analysis 
Per participant, the nodule with the highest nodule risk index or category (risk-dominant 
nodule) was determined for the two categorical scoring systems and the PanCan model 
independently. Subsequently, based on the individual performance of the scoring system, 
different nodules could be determined as being the risk-dominant nodule for the three 
systems. In participants with multiple risk-dominant nodules for a scoring system, only one 
risk-dominant nodule was randomly selected per system. A ROC analysis was performed to 
determine the discriminative power of the PanCan model, Lung-RADS and the 1.2016 NCCN 
guidelines. Because no follow-up information was included, our analysis is confined to 
how well PanCan model category 4, Lung-RADS category 4A and 4B, and the 1.2016 NCCN 
guidelines category 6 predict malignancy. AUC values served as indicators of performance 
and were calculated for all three scoring systems using MedCalc software package (MedCalc 
version 16.4.3, https://www.medcalc.org).

To assess differences between the three systems, first the performances were determined 
applying the system’s individual nodule size definition as stated in the publications. 

For the PanCan model calculations were done twice: using the manually measured longest 
diameter available from the DLCST database (Dlongest-M) and using the longest diameter 
derived from the computerized semi-automatic software segmentations (Dlongest-C). 

To assess the susceptibility of the systems to nodule size definition, performances were 
subsequently determined by applying uniformly the same nodule size definition (Dlongest-C, 
Dmean3D and DmeanAxial, respectively). 
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Performances were compared pairwise using the DeLong method [11]. Bonferroni 
correction was applied for the comparison between the three systems, resulting in a 
statistically significant difference at p <0.017.

Differences in dataset characteristics were compared using chi-square analysis for 
categorical data and unpaired t-test analysis for continuous data in SPSS 20.0 (SPSS Inc., 
Chicago, IL, USA). Statistically significant differences were defined at p <0.05.

Table 5.1: Overview of nodule management scoring systems categories and corresponding criteria
Scoring 
System Category Criteria Management

PanCan 1 Normal finding, nodule risk index <1.5% Biennial LDCT screening

2 Low-risk of malignancy: nodule risk index 1.5% 
- <6% Annual LDCT screening

3 Moderate risk of malignancy: nodule risk index 
6% - <30% LDCT in 3 months

4 High-risk of malignancy: nodule risk index ≥30% Direct referral

Lung-RADS 
(version 1.0)

1 No nodules, or nodules with complete, central, 
popcorn, or concentric rings of calcification, fat 
containing nodules

Annual LDCT screening

2 Solid nodules < 6 mm
Part-solid nodules <6 mm in total diameter
Pure ground-glass nodules <20 mm

Annual LDCT screening

3 Solid nodules ≥ 6 - <8 mm
Part-solid nodules ≥ 6 mm in total diameter with 
solid component < 6 mm
Pure ground-glass nodules ≥20 mm

LDCT in 6 months

4A Solid nodules ≥ 8 - < 15 mm
Part-solid nodules ≥6 mm with solid component 
≥6 - <8 mm

LDCT in 3 months; PET/CT

4B Solid nodules ≥ 15 mm
Part-solid nodules with a solid component ≥ 8 
mm

Chest CT with/without 
contrast, PET/CT and/or tissue 
sampling

NCCN 
(version 
1.2016)

1 Solid nodule or part-solid nodule < 6 mm
Annual LDCT for 2 years

2 Pure ground-glass nodule ≤ 5 mm 
Multiple pure ground-glass nodules ≤ 5 mm LDCT in 12 months

3 Pure ground-glass nodule > 5-10 mm 
Multiple pure ground-glass nodules with a 
diameter >5 mm without a dominant lesion

LDCT in 6 months

4 Pure ground-glass nodule > 10 mm
Multiple pure ground-glass nodules with a 
dominant nodule(s) with a solid component

LDCT in 3-6 months

5 Solid nodule or part-solid nodule 6-8 mm LDCT in 3 months

6 Solid nodule or part-solid nodule > 8 mm Consider PET/CT

LDCT = low-dose CT
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Results 

For 497 participants (497/613, 81%), the three systems identified the same nodule as 
risk-dominant. In 116 participants (116/613, 19%), the three systems identified different 
risk-dominant nodules. Figure 5.1 illustrates nodules considered as being risk-dominant 
by all systems, while Figure 5.2 shows an example of three nodules identified as the 
risk-dominant nodule by the three systems in a single participant. Figure 5.3 illustrates 
examples of nodules where the risk estimation depended on the applied nodule size 
definition. 

Table 5.2 shows the demographics of the included participants and risk-dominant nodules. 
Statistically significant differences between the malignant and benign nodules were 
seen for nodule size (Dlongest-C, Dmean3D and DmeanAxial, all p <0.001), nodule type (p <0.001), 
perifissural nodule type (p = 0.017), the presence of spiculation (p <0.001), calcification 
(p = 0.001) or family history of lung cancer (p = 0.043) and nodule count (p = 0.017). The 
median time between the CT scan used in this study and the date of lung cancer diagnosis 
was 13.9 months (range 0.3–84.8 months, average 23.2 months) 

Table 5.2: Demographics of participants and characteristics of risk-dominant nodules 
Parameters Cancers* Benign nodules * Total* P value**
Number 65 675 740 
Participants 64 549 613
Age in years 61 (52 - 75) 58 (50 - 71) 58 (50 - 75) 0.655
Sex
 Male
 Female

35 (55%)
29 (45%)

292 (53%)
257 (47%)

327 (53%)
286 (47%)

0.820

Family history of 
lung cancer 17 (27%) 90 (16%) 107 (17%) 0.043
Emphysema 47 (73%) 367 (67%) 414 (68%) 0.287
Nodule size in mm: 
Dlongest-C

Median: 13.9
16.5 (3.3 - 124.8)

Median: 6.1
7.6 (1.6 - 104.4) 8.4 (1.6 - 124.8) <0.001

Nodule size in mm: 
Dmean3D

Median: 10.2
12.5 (2.7 - 84.8)

Median: 4.9
5.8 (1.3 - 62.3) 6.4 (1.3 - 84.8) <0.001

Nodule size in mm: 
DmeanAxial

Median: 12.1
13.8 (2.9 - 95.0)

Median: 5.4
6.4 (1.2 - 95.5) 7.1 (1.2 - 95.5) <0.001

Nodule Type
 Solid
 Part-solid
 Non-solid

43 (66%)
15 (23%)
7 (11%)

590 (87%)
19 (3%)

66 (10%)

633 (85%)
34 (5%)

73 (10%)

<0.001

Perifissural 0 (0%) 55 (8%) 55 (7%) 0.017
Calcified 0 (0%) 96 (14%) 96 (13%) 0.001
Nodule Count 0.3 (0 - 4) 0.5 (0 - 5) 0.5 (0 - 5) 0.017
Nodule Location
 Upper Lobe 38 (58%) 327 (48%) 365 (49%) 0.123
Spiculation 18 (28%) 10 (1%) 28 (4%) <0.001

* Percentages or ranges are in parentheses. ** P-value for benign nodules versus cancers. A p-value 
< 0.05 indicates significance of difference. Family history of lung cancer pertained to parents or 
siblings. Presence of emphysema was dichotomous and not corresponding to the degree of 
emphysema. Nodule size was measured as the longest diameter. Nodule count pertained to 
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the number of additional nodules in the scan. Spiculation was defined as reticular markings of 
tissue density with elements of circular symmetry centered around a nodule. Dlongest-C = longest 
diameter on axial sections, derived from computerized semi-automated segmentations. Dmean3D 
= mean diameter based on volumetric information, derived from computerized semi-automated 
segmentations. DmeanAxial = mean of longest and perpendicular diameter on axial sections, derived 
from computerized semi-automated segmentations.

Figure 5.1: Examples of nodules uniformly 
considered as the most suspicious nodule per 
participant by all three systems. Every row depicts a 
nodule, displayed in the axial (left) and coronal (right) 
plane and centered in the images with a field of view 
of 60 x 60 mm. Top row: Benign pure ground-glass 
nodule, Dlongest-C 10.0 mm, Dmean3D 9.4 mm, DmeanAxial 
8.8 mm, PanCan model nodule index score of 5.5%, 
Lung-RADS category 2 and NCCN category 3; Second 
row: Benign part-solid nodule, Dlongest-C total nodule 
9.4 mm and solid component 7.2 mm, Dmean3D total 
nodule 8.5 mm and solid component 6.2 mm, DmeanAxial 
total nodule 8.8 mm and solid component 6.0 mm, 
PanCan model nodule index score of 10.0%, Lung-
RADS category 4A and NCCN category 6; Third row: 
Benign solid nodule, Dlongest-C 10.5 mm, Dmean3D 8.4 mm, 
DmeanAxial 9.1 mm, PanCan model nodule index score 
of 4.4%, Lung-RADS category 4A and NCCN category 
6. Fourth row: Malignant pure ground-glass nodule, 
Dlongest-C 12.4 mm, Dmean3D 9.8 mm, DmeanAxial 11.7 mm, 
PanCan model nodule index score of 8.4%, Lung-
RADS category 2 and NCCN category 4; Fifth row: 
Malignant part-solid nodule, Dlongest-C total nodule 
17.4 mm and solid component 7.1 mm, Dmean3D total 
nodule 14.7 mm and solid component 5.2 mm, 
DmeanAxial total nodule 15.7 mm and solid component 
6.3 mm, PanCan model nodule index score of 22.2%, 
Lung-RADS category 3 and NCCN category 6; Bottom 
row: Malignant solid nodule, Dlongest-C 15.2 mm, Dmean3D 
13.5 mm, DmeanAxial 13.2 mm, PanCan model nodule 
index score of 18.1%
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Figure 5.2: Example of one participant in which 3 different nodules were considered as the 
riskdominant lesion. Every row depicts a nodule, displayed in the axial (left) and coronal (right) 
plane and centered in the images with a field of view of 60 x 60 mm. Top row: Solid benign nodule, 
DmeanAxial 6.1 mm, risk-dominant nodule for the NCCN guidelines with category 5; Middle row: Solid 
benign nodule, Dmean3D 8.7 mm, risk-dominant nodule for Lung-RADS with category 4A; Bottom row: 
Pure ground-glass benign nodule, Dlongest-C 14.3 mm, risk-dominant nodule for the PanCan model 
with nodule risk index of 0.14%.
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Figure 5.3: Examples of nodules with variation between the longest diameter, mean diameter 
based on volumetry, and mean of longest and perpendicular diameter. Every row depicts a nodule, 
displayed in the axial (left) and coronal (right) plane and centered in the images with a field of 
view of 60 x 60 mm. Top row: Benign solid nodule with Dlongest-C 7.8 mm, Dmean3D 5.3 mm, DmeanAxial 6.3 
mm; Middle row: Malignant part-solid nodule with Dlongest-C of total nodule 16.6 mm and of solid 
component 13.3 mm, Dmean3D of total nodule 12.3 mm and of solid component 7.4 mm, DmeanAxial of 
total nodule 15.0 mm and of solid component 10.6 mm; Bottom row: Benign pure ground-glass 
nodule with Dlongest-C 20.6 mm, Dmean3D 13.0 mm, DmeanAxial 17.0 mm
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Performance of the three scoring systems 
Using the nodule size definitions as described in the original publications, the PanCan 
model performed best (AUC 0.874, using Dlongest-C), followed by the NCCN guidelines (0.836) 
and Lung-RADS (0.813). Statistically significant differences occurred between PanCan and 
Lung-RADS (p = 0.003) and between PanCan and the NCCN guidelines (p = 0.010). 

The PanCan model yielded a lower performance when using Dlongest-M (0.869 vs. 0.874; p = 
0.586); the difference was not statistically significant. Results are summarized in Table 5.3 
and Figure 5.4A. 

Table 5.3: Performance comparisons between the PanCan model, Lung-RADS and the NCCN 
guidelines when using different nodule size definitions

Nodule size definition PanCan Lung-RADS NCCN PanCan vs. 
Lung-RADS

PanCan vs. 
NCCN

Lung-RADS 
vs. NCCN

Nodule size definition as 
published

0.874 1 0.8132 0.8363 p = 0.003 p = 0.010 p = 0.175

0.869 4

Dlongest-C 0.874 0.796 0.806 p < 0.001 p < 0.001 p = 0.507

Dmean3D 0.880 0.813 0.845 p < 0.001 p = 0.016 p = 0.024

DmeanAxial 0.879 0.812 0.836 p = 0.001 p = 0.003 p = 0.139

1 Use of the longest diameter measured on axial sections derived from semi-automated volumetric 
segmentations; 2 Use of the mean diameter based on 3D volumetric information, derived from semi-
automated volumetric segmentations; 3 Use of the mean of longest and perpendicular diameter 
measured on axial sections derived from semi-automated volumetric segmentations; 4 Use of 
the longest diameter manually measured on axial sections. Statistically significant differences are 
defined at p < 0.017, and indicated in bold.
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Figure 5.4: Performances of the PanCan model, Lung-RADS and the NCCN guidelines are illustrated 
in ROC curves. In all figures, the PanCan model is shown as a continuous curve based on the 
continuous nodule risk indexes and as operating points based on the categories for nodule risk 
index scores, similar to the Lung-RADS and NCCN categories. A: All systems are visualized using 
their own nodule size diameter definitions, with Dlongest-C for the PanCan model; B: All systems are 
visualized using Dlongest-C as nodule size definition; C: All systems are visualized using Dmean3D as 
nodule size definition; D: All systems are visualized using DmeanAxial as nodule size definition. 
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Impact of nodule size definition on performance per system 
All systems yielded the highest AUC-values when using Dmean3D for nodule size, followed 
by DmeanAxial, and the worst performance was achieved when using Dlongest-C. Differences for 
the PanCan model (AUC 0.880, 0.879, 0.874) and Lung-RADS (0.813, 0.812, 0.796) were not 
statistically significant. The NCCN guidelines (0.845, 0.836 and 0.806) yielded a statistically 
equivalent AUC of 0.845 when using Dmean3D, and 0.836 using DmeanAxial. However, using 
Dlongest-C  the AUC was 0.806 being significantly inferior to Dmean3D (p = 0.005) and DmeanAxial (p 
= 0.016). See Table 5.4.  

Table 5.4: Impact of nodule size definition on performance of the PanCan model, Lung-RADS and 
the NCCN guidelines, expressed in AUC values
Nodule size definition PanCan Lung-RADS NCCN

Dlongest-C vs. Dmean3D 0.874 vs. 0.880
p = 0.217

0.796 vs. 0.813
p = 0.190

0.806 vs. 0.845
p = 0.005

Dmean3D vs. DmeanAxial 0.880 vs. 0.879
p = 0.781

0.813 vs. 0.812
p = 0.914

0.845 vs. 0.836
p = 0.450

Dlongest-C vs. DmeanAxial 0.874 vs. 0.879
p = 0.140

0.796 vs. 0.812
p = 0.169

0.806 vs. 0.836
p = 0.016

Dlongest-C = longest diameter on axial sections, derived from computerized semi-automated 
segmentations. Dmean3D = the mean diameter based on computerized volumetric information, 
derived from semi-automated segmentations. DmeanAxial = mean of longest and perpendicular 
diameter on axial sections, derived from computerized semi-automated segmentations. Statistically 
significant differences are defined at p < 0.017, and indicated in bold.

Impact of nodule size definition on performance between systems 
Using the DmeanAxial for all systems yielded a statistically significant superiority of the PanCan 
model to Lung-RADS (AUC 0.879 vs. 0.812; p = 0.001) and the NCCN guidelines (0.879 vs. 
0.836; p = 0.003). 

Applying the Dlongest-C resulted in a substantial performance drop of Lung-RADS (0.796) and 
NCCN (0.806), making both systems significantly inferior to PanCan (0.874; both p <0.001). 

The use of Dmean3D yielded again a statistically significant superiority of the PanCan model 
to Lung-RADS (0.880 vs. 0.813; p <0.001), and the NCCN guidelines (0.880 vs. 0.845; p 
<0.016). 

No statistically significant differences occurred between Lung-RADS and NCCN with p = 
0.507, p = 0.024 and p = 0.139, for Dlongest-C, Dmean3D and DmeanAxial, respectively. Results are 
summarized in Table 5.3. Figures 5.4B, C and D illustrate the ROC curves of the PanCan 
model, and category operating points for Lung-RADS, NCCN guidelines and the PanCan 
model when uniformly applying the three nodule size definitions.
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Discussion 

Accurate differentiation between high-risk nodules requiring more intense work-up 
and low-risk nodules is essential for the implementation of a cost-effective lung cancer 
screening program. For decision support and standardization, various scoring systems 
have been developed, all using nodule size as the most important criterion. Nevertheless, 
they show differences with respect to the use of subject demographics, nodule 
morphological features, definitions of nodule size and cutoff points. The purpose of this 
study was to assess performance differences between the PanCan model, Lung-RADS 
and the NCCN guidelines for the differentiation between malignant and benign screen-
detected nodules using baseline information only. 

Our results suggest that the three scoring systems indeed show significant performance 
differences; the PanCan model outperformed the NCCN guidelines and Lung-RADS. 
This significant superiority of the PanCan model was seen when applying the individual 
system’s nodule size definitions and when applying uniformly the same nodule size 
definition (Dlongest-C, Dmean3D or DmeanAxial). 

No statistically significant difference was seen between Lung-RADS and the NCCN 
guidelines, either when using the system’s specific diameter definitions or when uniformly 
applying any of the nodule size definitions. 

All three systems showed the poorest performance when using Dlongest-C, and the strongest 
performance when using the mean diameter obtained from semi-automated volumetric 
segmentations (Dmean3D). This result suggests that taking the three-dimensional information 
into account is superior to two dimensions (e.g. axial measurements alone). Whether true 
volumetry versus mean diameter obtained from theedimensional information will result 
in a significant performance difference can only be speculated. Nevertheless, we expect 
that automatic or semi-automatic assessment of volumetry will help to decrease inter-
observer variability. 

However, in contrast to the PanCan model and Lung-RADS, the NCCN guidelines showed 
a statistically significant susceptibility towards the definition of the nodule size with 
a significant superiority of DmeanAxial and Dmean3D over Dlongest-C. Dmean3D, the only diameter 
definition using the three-dimensional extent of the nodule, was not found to perform 
significantly different from DmeanAxial for any of the three systems. This is important because 
it means that diameter measurements can be done on axial scans alone without using 
other projection planes. 

From these results we conclude that apart from nodule size thresholds, nodule size 
definition has also a significant impact on the performance of such risk estimation systems, 
and should therefore be defined and documented carefully. 

In addition to nodule size and nodule type, nodule growth is an important malignancy 
predictor, and the main rationale behind the acquisition of follow-up studies [12–14]. 
Growth is considered in the two categorical systems, but not in the PanCan model that 
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is designed for risk estimation of lesions detected on baseline screening CTs. In order 
to be able to compare the categorical strategies with the PanCan model, we excluded 
this criterion. However, by doing so the potentials of the two categorical systems were 
restricted. 

We know that manual diameter measurements are prone to substantial observer variability 
[15]. Using manual diameter measurements (Dlongest-M) yielded a lower performance for the 
PanCan model compared to the semi-automated diameter measurements (Dlongest-C), but 
the difference did not reach significance. 

In this study, the PanCan model achieved a lower performance for nodules derived from 
the DLCST compared to the validation dataset from the BCCA (0.881 vs. 0.970) [6]. This 
difference is likely to be caused by different inclusion criteria between the datasets. The 
PanCan study and the BCCA dataset included smaller nodules than the DLCST, resulting in 
a lower prevalence of small benign nodules in our study (median size 5 mm, range 3–90 
mm) compared to the BCCA dataset (median size 3 mm, range 1–29 mm) [6]. Furthermore, 
PFNs and calcified nodules were excluded in the PanCan model, but were annotated in 
the DLCST. To account for these design differences, both calcified and perifissural nodules 
were given a nodule risk index of 0% for the PanCan model in our study, which occurred in 
151 nodules (151/740, 20%). Another contributor to the lower performance of the PanCan 
model in the current dataset is the fact that McWilliams et al. computed the performance 
of the model on a nodule level. However, we determined the performance of the PanCan 
model on participant level using the risk-dominant nodules, which introduced a selection 
bias towards larger benign nodules that are more difficult to discriminate from malignant 
lesions. We did so to more closely approximate the clinical setting, in which a person-
specific analysis is preferred over a nodule-specific analysis.

Other nodule management systems have been published [16, 17] that have similar 
categories and criteria to the models discussed here, but differ in details. For this study, we 
decided to include these three widely known systems. However, as discussed by Baldwin 
[18], this does not automatically translate into extensive implementation in clinical 
practice of these models and guidelines. 

It has to be stated that our data analysis is confined to the performance of how well the 
PanCan category 4, Lung-RADS category 4A/4B and 1.2016 NCCN category 6 predict 
malignancy and thus select nodules that require immediate work-up or eventually will 
become malignant. We did not compare how well the various follow-up algorithms 
perform for nodules kept under surveillance. 

Our study compares various models in a retrospective study set-up. With more widely 
applied screening, there is likely to be an increasing need for a large-scale prospective 
audit taking multiple risk models into account. This should also address the current debate 
whether to apply diameter measurements or volumetry for nodule growth assessment. 

Our study has limitations of which the most important one refers to the use of ROC 
statistics to evaluate the performance of clinical decision rules. As pointed out by 
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Perandini et al., referring to the validation study of four prediction rules, ROC analysis 
is designed to estimate the performance of a binary classifier system and to determine 
an optimal threshold value to be used as discriminator [19]. The risk estimation systems 
tested in our study, however, use either a continuous scale (the PanCan model) or multiple 
categorical thresholds (Lung-RADS and NCCN) to balance a nodule’s risk to represent a 
malignancy and the likelihood of being benign. The different biological behavior of fast 
growing aggressive and slowly growing less aggressive malignancies further complicates 
the clinical decision making. In the PanCan study, 20% of the lung cancers did not develop 
from the largest (risk-dominant) nodule [6]. Nevertheless, we decided to use ROC analysis 
as the most widely used method of assessing the accuracy of a diagnostic test. In addition, 
by having the pathological standard available with 9 years of follow-up, we were able to 
dichotomously divide our study nodules into benign and malignant, and, lastly, there is 
to our knowledge no statistical test at hand that would be more suited to evaluate the 
complex multifactorial decision making of managing screen-detected nodules.

Other limitations of our study include a relatively small number of lung cancers (65 in 
total) and methodological differences between the three scoring systems that we had to 
exclude in order to compare the three systems with each other. 

Firstly, we only considered one-time information and disregarded information on 
nodule growth which is part of Lung-RADS and the NCCN guidelines. Secondly, Lung-
RADS offers an additional category that allows radiologists to upgrade a category 3 or 4 
nodule to category 4X if visually accessible criteria are present, making the nodule more 
suspicious. This subjective procedure was disregarded in our study [4]. These issues may 
have contributed to a lower performance of Lung-RADS and the NCCN guidelines. In that 
respect our study points to the importance of prospective evaluation of the clinical impact 
of differences in recommendation between the PanCan model and Lung-RADS.

Furthermore, the NCCN guidelines have recently been updated (version 1.2017) and 
harmonized with Lung-RADS. Nevertheless, we decided to keep the results of the 
previous NCCN guidelines (version 1.2016) in this study to include the performance of a 
third diameter definition on risk estimation. Lastly, the NCCN guidelines included separate 
rules for multiple pure ground-glass nodules, based on their size and the presence of a 
dominant lesion. However, there is no clear definition of the dominant lesion, and up 
to now it has not been shown that the presence of multiple pure ground-glass nodules 
represents an increased risk factor [20]. Therefore, the presence of multiple (pure ground-
glass) nodules was not taken as a separate risk factor in our study. 

In conclusion, the PanCan model performs significantly better than Lung-RADS and the 
1.2016 NCCN guidelines for differentiation between malignant and benign nodules, 
detected on baseline screening CT and without taking nodule growth into account. 
Different nodule size definitions have an impact on the performance of the three systems, 
with statistically significant influence only for the NCCN guidelines. 
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Abstract

Purpose: To compare human observers to a mathematically derived computer model for 
differentiation between malignant and benign pulmonary nodules detected on baseline 
screening computed tomography (CT) scans. 

Methods: A case-cohort study design was chosen. The study group consisted of 300 chest 
CT scans from the Danish Lung Cancer Screening Trial (DLCST). It included all scans with 
proven malignancies (n=62) and two subsets of randomly selected baseline scans with 
benign nodules of all sizes (n=120) and matched in size to the cancers, respectively (n=118). 
Eleven observers and the computer model (PanCan) assigned a malignancy probability 
score to each nodule. Performances were expressed by area under the ROC curve (AUC). 
Performance differences were tested using the Dorfman, Berbaum and Metz method. 
Seven observers assessed morphological nodule characteristics using a predefined list. 
Differences in morphological features between malignant and size-matched benign 
nodules were analyzed using chi-square analysis with Bonferroni correction. A significant 
difference was defined at p < 0.004. 

Results: Performances of the model and observers were equivalent (AUC 0.932 versus 0.910, 
p = 0.184) for risk-assessment of malignant and benign nodules of all sizes. However, human 
readers performed superior to the computer model for differentiating malignant nodules 
from size-matched benign nodules (AUC 0.819 versus 0.706, p < 0.001). Large variations 
between observers were seen for ROC areas and ranges of risk scores. Morphological 
findings indicative of malignancy referred to border characteristics (spiculation, p < 0.001) 
and perinodular architectural deformation (distortion of surrounding lung parenchyma 
architecture, p < 0.001; pleural retraction, p = 0.002). 

Conclusions: Computer model and human observers perform equivalent for differentiating 
malignant from randomly selected benign nodules, confirming the high potential of 
computer models for nodule risk estimation in population-based screening studies. 
However, computer models highly rely on size as discriminator. Incorporation of other 
morphological criteria used by human observers to superiorly discriminate size-matched 
malignant from benign nodules, will further improve computer performance.
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Introduction 

Lung cancer is the deadliest cancer in both men and women [1] because the disease 
is usually diagnosed at an advanced stage. The National Lung Screening Trial (NLST) 
demonstrated a decrease in lung cancer-specific mortality of 20% [2], which was the 
major driving power leading to a recommendation of low-dose computed tomography 
(CT) lung screening for eligible subjects by several organizations including the U.S 
Preventative Services Task Force (USPSTF) [3,4]. Lung cancer screening programs are now 
being implemented in the U.S. 

Low-dose CT studies of the lung—obtained within a lung cancer screening program—
are characterized by the discrepancy between the high prevalence of pulmonary nodules 
and the relatively low incidence of actual lung cancers. In the first CT round of the 24,715 
subjects in the CT arm of the NLST a total of 6,786 nodules had been annotated, however, 
only 168 subjects were eventually diagnosed with a pulmonary malignancy within the 
3 years screening period or the follow-up of 6.5 years, illustrating the high prevalence 
of nodules in screening CTs in general and the magnitude of the diagnostic and 
organizational challenge [5]. Accuracy and efficiency of screening programs will therefore 
largely depend on the ability to correctly differentiate malignant from benign nodules. 
A prospective estimation of which nodules are of high risk to represent or develop into 
a malignancy, and therefore requiring more close follow-up or intense diagnostic work-
up as opposed to nodules that are of very low risk, is of crucial importance to make 
screening programs efficient for a number of reasons including burden of radiation dose, 
psychological load of the screening subjects and financial expenses. This problem has 
been addressed by the management guidelines published by the American College of 
Radiologists (ACR), called Lung-RADS. Nodules with benign appearance and very low risk 
(categories 1 and 2) are differentiated from equivocal or suspicious nodules (categories 3, 
4A and 4B) [6]. Lung-RADS and similar recommendations [7–9] have in common that they 
use nodule type, nodule size and growth rate to select nodules that are malignant or at 
risk to develop into a malignancy. A number of other risk prediction models rather focus 
on the selection of individuals being at risk for developing a lung malignancy [10–13] or 
estimate the malignancy probability using both, clinical factors and nodule characteristics 
[7, 14–15]. 

The computer model that was evaluated in the following study also uses both a number of 
nodule characteristics but also non-nodular CT imaging findings and further on considers 
a number of subject related demographic factors [16]. This model is thus far the only 
published malignancy risk prediction model that was mathematically modeled based 
on the findings of an actual lung cancer screening trial [17]. Whereas other models use 
fixed thresholds for nodule size this model applies hazard ratios for various parameters 
that have been derived from the Pan-Canadian Early Detection of Lung Cancer Study 
(therefore the name PanCan model). The model was externally validated using the British 
Columbia Cancer Agency (BCCA) cohort and demonstrated a good performance with an 
area under the receiver-operator-characteristics curve (AUC) of > 0.900 to discriminate 
malignant from benign nodules [16]. An external second evaluation study used the cohort 
of the Danish Lung Cancer Screening Trial (DLCST) and found an AUC of 0.834 [18]. The 
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difference in results between the two external validation studies can be explained by the 
fact that the performance of such risk prediction models are considerably influenced by 
the type of nodule annotation protocol (e.g., how many small, most likely benign nodules 
were included), the prevalence of malignancy and the underlying screening population.

In contrast to mathematical risk prediction models, radiologists use a rather complex system 
of visually accessible morphological information when determining the malignancy risk 
of pulmonary nodules, such as internal nodular and external perinodular characteristics 
of the lung parenchyma in addition to nodule diameter, upper lobe location and nodule 
type. No studies thus far have investigated the difference in performance between the 
PanCan model and human observers. The purpose of our study was to compare the 
PanCan model with human observer performance for the prediction of malignancy risk 
of screen-detected nodules.

Methods 

Materials 
For this retrospective study, we used anonymized CT scans from the Danish Lung Cancer 
Screening Trial [19]. Approval by the Ethics Committee of Copenhagen County as well as 
informed consent of all participants were available. In the DLCST, two experienced chest 
radiologists had separately annotated nodules (3 mm) in CT scans with respect to size and 
location, based on visual assessment and manual diameter measurements [19]. Follow-up 
information with respect to presence of histologically proven malignancies was available 
for a follow-up of 9 years. Malignancies had a medium diameter of 15 mm (range 4 to 93 
mm) on the first scans they had been annotated. 

For the observer study a case-cohort study design was used. A study-group of 300 
participants was selected from the complete screening data set under the following 
conditions: The study group included all 60 participants with at least one malignant 
nodule that had been found in the complete DLCST (group 1), 120 participants with at 
least one benign nodule randomly selected from the whole screening dataset (group 2), 
and 120 participants also randomly selected from the whole screening dataset but under 
the condition that they showed at least one benign nodule with a diameter in the range 
of 3 to 16 mm with a preference for lesions larger than 10 mm (group 3). 

Group 1 consisted of the CT scans on which the malignant nodules had been annotated 
first. In participants with multiple malignant lesions, one malignant nodule was randomly 
selected. Group 2 consisted of baseline CT scans with benign nodules of all size ranges 
being reflective of lesions seen in a screening cohort. Group 3 consisted of baseline CT 
scans with benign nodules with a medium size larger than seen in the whole cohort but 
matching in size more closely to the malignant nodules. 

Two size-matched nodules that had been classified as benign during the screening rounds 
developed into malignancies during the follow-up period of 9 years, their status was 
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therefore changed accordingly resulting in a final group of 62 malignancies, 120 random 
benign and 118 size-matched benign nodules. 

CT acquisition 
All CT scans were performed using volumetric acquisition (16 rows Philips Mx 8000, 
Philips Medical Systems, Eindhoven, The Netherlands) and a low-dose protocol (120 kV, 
40 mAs) with a section collimation of 16 x 0.75 mm, pitch 1.5 and rotation time 0.5 s. The 
scans were obtained after full inspiration and without the use of contrast. Images were 
reconstructed with thin (1 mm) sections and a sharp filter algorithm (kernel D) [19]. 

Readers and image viewing 
Eleven observers assessed the nodules in random order, using a computer vision tool 
(CIRRUS Observer, Diagnostic Image Analysis Group, RadboudUMC, Nijmegen, The 
Netherlands) that allowed for interactive viewing of high-quality CT sections in all 3 
projections (axial, coronal and sagittal). The CT data were preloaded and displayed using 
a zoomed view of each nodule to shorten the search process, however, observers could 
scroll and review the complete CT if warranted. They were instructed to give a malignancy 
probability score to each nodule on a scale of 0 to 100, where a score of 0 would indicate 
that all nodules that looked like this particular nodule would be benign according to the 
observer and a score of 100 would indicate that all similar looking nodules would be 
malignant according to the observer. The observers assessed the malignancy score on the 
basis of visual analysis of nodule morphology. Judgment was left to the readers’ discretion 
and no specific criteria were given being suggestive for malignancy. 

Subsequently, the observers scored the presence of certain morphological features for 
each nodule according to a predefined list. This list included the following items: single 
bubble, multiple bubbles, airbronchogram, bulla with thickened wall, spiculation, 
lobulation, ill-defined border, well-defined border, demarcation by interlobular septa, 
attachment to a vessel, pleura or fissure, retraction of pleura or fissure, and distortion 
of surrounding lung architecture. Scoring the morphology features was not mandatory, 
however, if they decided to score nodule morphology, they were urged to do so for all 
nodules. Prior to scoring the actual study group, 15 example cases were presented to 
the observers, in order to get familiar with the software, nodule scoring method and the 
morphological features. 

The observer group consisted of four board certified radiologists with > 10 years 
of experience in reading chest CTs and/or intense research training with respect to 
interpreting screen-detected nodules, five radiology residents and two pulmonologists 
from eight institutions in five countries. The first group of the four board certified 
radiologists formed the group of observers of higher experience as opposed to the 
remaining seven observers. 

PanCan computer model 
We used the full model (2b), which determines the malignancy probability score based 
on the parameters sex, age, family history of lung cancer, emphysema, nodule size, 
nodule type, nodule location, nodule count and spiculation. Additionally, performance 



102   |   Chapter 6

of the parsimonious model (1b) was assessed, which includes a limited number of input 
parameters such as sex, nodule size, nodule location and spiculation [16], thus leaving 
out age, family history, emphysema, nodule type and nodule count. Family history of 
lung cancer pertained to parents or siblings. Presence of emphysema was dichotomous 
and not corresponding to the degree of emphysema. Nodule size was measured as the 
longest diameter. Nodule count pertained to the number of additional nodules in the scan. 
Spiculation was defined as reticular markings of tissue density centered along the border 
of the nodule. Nodule type, emphysema, spiculation, and complete calcification were 
scored by an experienced radiologist (E.S.) [16] as this information was not available from 
the DLCST database. The remaining parameters such as sex, age, family history, nodule 
size, location and count were available from the DLCST database. Completely calcified 
nodules and perifissural nodules (PFN) were given a malignancy probability score of 0 
according to the model. The latter refer to smoothly defined nodules smaller than 5 mm in 
size that are localized on or very close to the interlobar fissure and correspond to benign 
intrapulmonary lymph nodes [20]. 

Statistical analysis 
To compare the performance of the PanCan model with each observers’ performance, 
a multireader multi-case (MRMC) receiver operating characteristic (ROC) analysis was 
applied using the PROPROC method [21–23]. Areas under ROC curve (AUCs) of observers 
and the full PanCan model were compared twice: a) considering the scores for all malignant 
and the set of randomly selected benign nodules, and separately when b) considering 
the scores for all malignant and the set of size-matched benign nodules. Performance 
differences were tested using the Dorfman, Berbaum and Metz method (DBM-MRMC 
package, version 2.33, http:// perception.radiology.uiowa.edu), which accounts for case, 
reader, and treatment variance.

Differences in dataset characteristics were compared using chi-square for categorical 
parameters and unpaired t-test analyses for continuous variables. A significant difference 
was defined at p < 0.05. Morphological nodule features were considered to be present 
in the final data analysis when the majority of the observers had scored its presence 
positively. Differences in morphological features between malignant and size-matched 
benign nodules were analyzed using chi-square analysis. With Bonferroni correction, a 
significant difference was defined at p < 0.004. Analyses were performed using SPSS 22.0 
(SPSS Inc., Chicago, IL, USA). 

Results 

Characteristics of subjects, subgroups and nodules as annotated in the screening database 
are summarized in Table 6.1. The time between the CT scan used in this study and the date 
of diagnosis was on average 20.5 months (range 0.3–86 months); the follow-up time for 
the benign nodules was on average 121.1 months (range 109.1–126.7 months). 

Nodule size, the presence of spiculation, the presence of nodule calcification, and the 
number of nodules per scan (nodule count) were statistically significantly different 
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between malignancies and size-matched benign nodules (p = 0.003, p < 0.001, p = 0.001, 
and p = 0.042, respectively) as well as between malignancies and randomly selected 
benign nodules (p < 0.001, p < 0.001, p < 0.001, and p = 0.004, respectively). Additionally, 
nodule type (p < 0.001), nodule location in the upper lobe (p = 0.006), and the presence 
of emphysema (p = 0.005) were statistically significantly different between malignancies 
and randomly selected benign nodules (Table 6.1). 

Table 6.1: Characteristics of the nodule groups
Parameters 
PanCan model

Malignant 
nodules*

Random 
benign 

nodules

Size-matched 
benign 

nodules

Total P value
Size-matched / 

random †
Number 62 120 118 300
Age in years 62 (52 - 75) 58 (50 - 68) 58 (50 - 69) 59 (50 - 75) 0.927 / 0.703
Sex: Male; Female 33 (53%); 

29 (47%)
59 (49%); 
61 (51%)

60 (51%); 
58 (49%)

152 (51%); 
148 (49%)

0.875 / 0.598

Family history of 
lung cancer

16 (26%) 21 (18%) 28 (24%) 65 (22%) 0.245 / 0.624

Emphysema 46 (74%) 62 (52%) 87 (74%) 195 (65%) 1.000 / 0.005
Nodule size in 
mm

15 (4 - 93); 
Median: 12

6 (3 - 16); 
Median: 5

12 (3 - 90); 
Median: 9

10 (3 - 93); 
Median: 7

0.003 / <0.001

Nodule Type:  
Solid; Part-solid; 
Non-solid; 
Perifissural

45 (73%); 
10 (16%); 
7 (11%); 
0 (0%)

107 (89%); 
1 (1%); 

3 (2.5%); 
9 (7.5%)

84 (71%); 
11 (9%); 

16 (14%); 
7 (6%)

236 (79%); 
22 (7%); 
26 (9%); 
16 (5%)

0.137 / <0.001

Nodule Count 1.3 (1 - 5) 1.85 (1 - 6) 1.6 (1 - 4) 1.6 (1 - 6) 0.042 / 0.004
Nodule Location: 
Upper Lobe

39 (63%) 50 (42%) 64 (54%) 153 (51%) 0.273 / 0.006

Spiculation 22 (35%) 3 (3%) 7 (6%) 32 (11%) <0.001 / <0.001
Calcified 0 (0%) 24 (20%) 16 (14%) 40 (13%) 0.001 / <0.001

* Percentages or ranges are in parentheses. † P-value for malignant and size-matched benign 
nodules / malignant and randomly selected benign nodules. A p-value < 0.05 indicates significance 
of difference. Significant differences are indicated in bold. Note that malignant nodules are more 
often spiculated, have a higher nodule count, and are on average 3 mm larger than the size-
matched benign nodules. Malignant nodules are more often part-solid nodules and located in the 
upper lobes compared to the benign nodule groups, while randomly selected benign nodules are 
mostly small solid nodules.

Performance of observers versus the computer model 
For discriminating randomly selected benign nodules (group 2) from malignant nodules 
(group 1), the PanCan model 2b had an AUC of 0.932 and the human observers had an 
average AUC of 0.910 (range 0.860–0.950); the difference did not achieve significance (p 
= 0.184). The four board certified radiologists yielded an averaged AUC of 0.919, whereas 
the five radiology residents and two pulmonologists had an AUC of 0.905. Both were not 
significantly different from the computer model (p = 0.366 and p = 0.117, respectively). 

Human observers achieved an average AUC of 0.819 (range 0.771–0.881) for differentiating 
size-matched benign nodules (group 3) from malignancies (group 1), while the computer 
model achieved an AUC of 0.706. The difference between the mean performance of all 
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observers and the computer model was statistically significant (p < 0.001). The differences 
between each individual observer and the computer model were statistically significant for 
10 of the 11 observers (range from p < 0.001 to p = 0.022). The board-certified radiologists 
yielded an averaged AUC of 0.844 while the radiology residents and pulmonologists 
yielded a mean AUC of 0.804, both performances were significantly different from the 
computer model (p < 0.001 and p = 0.002, respectively). 

The parsimonious model achieved an AUC of 0.920 for the randomly selected benign 
and 0.695 for the size-matched benign nodules. When nodule size was considered as the 
only input parameter for the model, the AUC yielded 0.918 for randomly selected benign 
and 0.687 for size-matched benign nodules, respectively. Table 6.2 displays the AUC of 
each observer, the AUC averaged over all observers and the AUC of the computer model 
for the two discrimination tasks. Figure 6.1 shows the corresponding ROC curves. Figure 
6.2 shows examples of nodules classified uniformly by all observers and the computer 
model, while Figure 6.3 depicts examples of nodules for which discrepant risk estimations 
occurred between the computer model and observers. 

Table 6.2: Performance of observers and the various computer models (PanCan 1b and 2b) for 
the discrimination between malignant and benign nodules for random and size-matched benign 
nodules versus malignant nodules.
Readers AUC* random 

nodules
P-value AUC size-matched nodules P-value

Observer 1 0.902 0.285 0.797 0.027
Observer 2 0.909 0.346 0.820 0.002
Observer 3 0.936 0.793 0.877 <0.001
Observer 4 0.928 0.903 0.881 0.004
Observer 5 0.930 0.910 0.800 0.009
Observer 6 0.950 0.274 0.771 0.066
Observer 7 0.881 0.049 0.846 <0.001
Observer 8 0.860 0.004 0.783 0.049
Observer 9 0.901 0.073 0.786 0.023
Observer 10 0.896 0.173 0.813 0.005
Observer 11 0.915 0.499 0.830 0.004
Average all 0.910 0.184 0.819 <0.001
Board certified radiologists 
(1-4)

0.919 0.366 0.844 <0.001

Radiology residents and 
pulmonologists (5-11)

0.905 0.117 0.804 0.002

PanCan model 2b 0.932 0.706
PanCan model 1b 0.920 0.695
PanCan, size only 0.918 0.687

* AUC randomly selected nodules: area under the receiver-operating-characteristics curve for 
discriminating malignant from randomly selected benign nodules. AUC size-matched nodules: area 
under the receiver-operating-characteristics curve for discriminating malignant from size-matched 
benign nodules. P-values refer to comparison with the PanCan model 2b. A significant difference is 
defined at p-values < 0.05 and significant differences are indicated in bold. 
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A B

Figure 6.1: Performance of observers and PanCan model. ROC curves of the observers 1-11, the 
PanCan model 2b, the PanCan model 1b, and only nodule size as predictor for (A) discriminating 
randomly selected benign nodules from malignant nodules on the left, and (B) on the right 
discriminating size-matched benign nodules from malignant nodules. Note that in Figure 6.1A the 
PanCan model outperforms human observers at a specificity > 80%, while in Figure 6.1B all human 
observers perform better than the PanCan model. 

 A B C D

Figure 6.2: Observer agreement for malignancy probability score. Examples of nodules for which 
observers and the PanCan model uniformly scored a high or low malignancy probability. For the 
observers, a threshold of < 25% averaged over all observers was considered a ‘low risk’ score, and 
a threshold of > 60% was considered a ‘high risk’ score. For the PanCan model, a threshold of < 
6% was considered as a ‘low risk’ score and a threshold of > 30% was considered as a ‘high risk’ 
score. Nodules are displayed in the axial plane. From left to right: A, Part-solid malignant nodule, 
13 mm, observers scored 65%, PanCan 31.9% corresponding to a uniformly true positive score; B, 
Solid malignant nodule, 4 mm, observers scored 9.5%, PanCan 0.3%; corresponding to a uniformly 
false negative score; C, Solid benign perifissural nodule, 11 mm, observers scored 1.9%, PanCan 0%, 
corresponding to a uniformly true negative score; D, Part-solid benign nodule, 27 mm, observers 
scored 60%, PanCan 30.7%, corresponding to a uniformly false positive score.
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Figure 6.3: Observer disagreement for malignancy probability score. Examples of nodules for 
which the PanCan model and the observers showed conflicting malignancy probability scores. For 
the observers, a threshold of < 25% averaged over all observers was considered a ‘low’ score, and 
a threshold of > 60% was considered a ‘high’ score. For the PanCan model, a threshold of < 6% 
was considered a ‘low’ score and a threshold of > 30% was considered a ‘high’ score. Nodules are 
displayed in axial plane. From left to right: A, Solid malignant nodule, 15 mm, observers scored 24%, 
PanCan 35%; B, Pure ground-glass malignant nodule, 9 mm, observers scored 58%, PanCan 4%; 
C, Solid benign nodule, 16.5 mm, observers scored 14%, PanCan 37%; D, Part-solid benign nodule, 13 
mm, observers scored 65%, PanCan 14%.

Malignancy probability scores 
In the full computer model, the median malignancy probability score was 18.5% (range 
0.3%– 85.7%) for malignant nodules, 4.6% (range 0%–67.8%) for size-matched benign 
nodules, and 0.4% (range 0%–25.9%) for randomly selected benign nodules. For the 
parsimonious model the corresponding numbers were 13.6% (range 0.2%–86.7%), 4.4% 
(range 0%–62.1%), and 0.3% (range 0%–18.1%). 

The median probability scores determined by the observers were 50% (range 15%–75%) 
for malignant nodules, 5% (range 0%–25%) for size-matched and 2% (range 0%–10%) for 
randomly selected benign nodules. The distribution of malignancy probability scores for 
the three nodule groups per observer and the computer model are depicted in Figure 6.4. 
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Figure 6.4: Malignancy probability score distribution. The distribution of malignancy 
probability scores of the observers and the PanCan model are visualized in these box plots 
for the malignant nodules in the upper box plot (top), randomly selected benign nodules 
in the middle box plot (middle), and size-matched benign nodules in the lower box plot 
(bottom). Observers and the PanCan model use a different distribution of the scale (0-
100). Note the large variability between observers with respect to mean and range of risk 
probability estimates.
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Morphological characteristics 
Seven observers determined the morphological characteristics of nodules. Table 6.3 
displays the morphological features scored by the observers. Morphological features that 
were statistically significantly predictive of malignancy in the majority of the observers 
were spiculation (p < 0.001), distortion of surrounding lung parenchyma architecture (p < 
0.001) and retraction of pleura or fissure (p = 0.002). A well-defined border was statistically 
significantly predictive of a benign nodule (p < 0.001). Spiculation is the only feature that 
is included in the PanCan model 1b and 2b. 

Figure 6.5 shows typical examples of four morphological characteristics that showed 
significant differences. 

Table 6.3: Differences in morphological features between malignant and size-matched benign 
nodules.
Morphology characteristics Malignant nodules 

n = 62 *
Benign size-matched 

nodules n = 118 *
P-value

Single bubble 2 (3%) 1 (1%) 0.236
Multiple bubbles 6 (10%) 3 (3%) 0.037
Airbronchogram 5 (8%) 4 (3%) 0.171
Bulla with thickened wall 4 (6%) 0 (0%) 0.005
Spiculation 20 (32%) 4 (3%) <0.001
Lobulation 7 (11%) 3 (3%) 0.015
Ill-defined border 19 (31%) 25 (21%) 0.161
Well-defined border 10 (16%) 65 (55%) <0.001
Demarcation by interlobular septum 0 (0%) 1 (1%) 0.467
Attachment to vessel 11 (18%) 6 (5%) 0.006
Attachment to pleura 23 (37%) 45 (38%) 0.891
Attachment to fissure 10 (16%) 13 (11%) 0.329
Retraction of pleural or fissure 12 (19%) 6 (5%) 0.002
Distortion of surrounding lung 
architecture

14 (23%) 7 (6%) <0.001

* Percentages are in parentheses. Only a positive score occurred when ≥ four of the seven observers 
considered “feature being present”. A p-value < 0.004 was considered to indicate significance of 
difference. Significant differences are indicated in bold. 
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Figure 6.5: Examples of nodules with morphological characteristics uniformly scored by six or 
seven observers. Every nodule is displayed in axial plane. Images show a field of view of 60 x 60 
mm, in which the nodule is centered. From left to right: A, Solid malignant nodule, 13 mm, with 
spiculation; B, Part-solid malignant nodule, 17 mm, with retraction of a fissure; C, Solid malignant 
nodule, 30 mm, with distortion of surrounding architecture; D, Solid benign nodule, 11 mm, with a 
well-defined border.

Discussion

Given the large discrepancy between the prevalence of benign and eventually malignant 
nodules in a screening population, robust methods for risk prediction are mandatory in a 
screening program for accurate discrimination of high-risk lesions that require additional 
work-up and low-risk lesions requiring none or less intense follow-up. Given the large 
number of nodules and scans to be evaluated and the influence of observer variability 
leading to loss of standardization and even potential oversights, application of a computer 
model for risk prediction appears a very attractive alternative. The PanCan model published 
in 2013 was the first mathematical model for predicting the risk of malignancy in screen-
detected nodules that was derived from an actual screening population (the Pan-Canadian 
Early Detection of Lung Cancer Study). Subsequently, two external validations confirmed 
the high performance of the PanCan model in screening populations [16, 18, 24] one 
using the BCCA population (AUC > 0.900) and one the DLCST screening trial (AUC 0.834). 
One study comparing four prediction models for the assessment of clinically detected 
lung nodules found a performance for the PanCan model of AUC = 0.902, compared to 
0.735 for the Veterans Association model and 0.895 for the Mayo model. The only model 
achieving a higher AUC was the Herder model with 0.924 when including information of 
FDG PET-CT [24]. 

In a previous study of our research group we had compared the PanCan model to other 
management strategies such as National Comprehensive Cancer Network (NCCN) or 
Lung-RADS for risk estimation of screen-detected nodules and also found a superiority of 
PanCan to the other regimen, with an AUC of 0.874 compared to 0.813 (Lung-RADS, p = 
0.003) and to 0.836 (NCCN, p = 0.010) [25]. 

We therefore were particularly interested in comparing the performance of the PanCan 
computer model to human observers, which has never been done before. 
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To optimize between observer time and acquisition of statistically meaningful data, we 
used a case-controlled study set-up. Therefore, our study design has a different prevalence 
of malignant nodules (~33%) compared to, for example, the NLST (< 3%). Although there 
is little research on the effect of prevalence expectation on the performance of observers, 
the available research suggests that the effect is minimal [26]. Additionally, this study 
design is not suited to be used as external validation of the performance of the PanCan 
model for a screening cohort as has been done previously using the BCCN and the Danish 
lung cancer screening dataset. 

In fact, our results confirm the high performance of the PanCan model in a representative 
subset of the DLCST baseline population for discriminating malignant from randomly 
selected benign nodules. The PanCan model was slightly, yet not significantly superior 
to the average human observer performance (0.932 versus 0.910, p = 0.184). Based on 
this result it can be concluded that the PanCan model represents a very valuable tool that 
is equally effective for discriminating high-risk from low-risk screen-detected nodules as 
radiologists with varying experience. 

Our results underline the importance of size for predicting malignancy risk [27]. In fact, 
using only size as the single indicator provided comparable AUCs as using the full PanCan 
model, as illustrated in Figure 6.1. For the task of differentiating malignant from benign 
nodules of similar size, the observers as well as the PanCan model achieved a substantially 
lower performance than for the task of discriminating malignant from randomly selected 
benign nodules. This can be explained by the fact that increasing size alone represents 
a very strong risk factor. However, by taking visually accessible morphological aspects 
other than size and spiculation into account, the human observers achieved a superior 
performance to the PanCan model for this dataset (AUC 0.819 and 0.706, respectively, p 
< 0.001). The morphological characteristics that were rated with different frequency in 
malignant and benign lesions were related to border characteristics (spiculation and well-
defined border) and interference of the nodule with the perinodular lung architecture 
(retraction of the pleura or fissure, distortion of the surrounding architecture). While it 
can be assumed that these features did have an impact on the observers’ judgment, the 
findings that make an observer rate a lesion as suspicious are most likely more complex. 
Similar results were reported by Chung et al. [28] who reported a significant increase of 
correctly updated subsolid lesions to Lung-RADS category 4B, which represents the most 
suspicious and highest risk category based on visual analysis. Similar to our results, inter-
reader variability was substantial and observer data did not allow to pinpoint a single 
group of morphological features being significantly predictive. 

Although visual analysis of morphology apparently provides very useful information with 
substantial discriminative power, none of the features were completely discriminative, 
and there seems to be substantial observer variability as indicated by the substantial 
inter-reader variability for the malignancy probability scores. The latter was demonstrated 
by one observer (number 6) to an extreme: while achieving the best performance for 
discriminating malignancies versus randomly selected benign nodules, the observer 
demonstrated the poorest performance for discriminating malignancies from size-
matched benign nodules. In general, more experienced observers achieved a higher 
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performance than less experienced observers (AUC 0.919 vs. 0.905 for random subset; 
0.844 vs. 0.804 for size-matched subset). 

Another way to further improve the model’s performance could be to include nodule 
growth between scans obtained at different time points. Several studies have shown [29–
30] that lesion growth over time is the most important and powerful predictor of nodule 
malignancy. Recently Horeweg et al. demonstrated that volume doubling time (VDT) 
can be used as an additional feature to individualize management of intermediate-sized 
nodules (5–10 mm). Using the database of the Dutch-Belgian lung cancer screening trial, 
the authors reported a malignancy risk of 0.8% for a volume doubling time (VDT) of 600 
days, a risk of 4% for a VDT of 400–600 days and a risk of 9.9% for a VDT of 400 days [31]. 

It has to be noted that the observer probability scores on a scale from 0 to 100 cannot be 
directly transferred to the probability estimates of the PanCan model. Some observers 
used only the lower end of the range between 0 and 100, while others used a more 
wide-spread distribution. Following the PanCan model output thresholds as described 
by Tammemagi et al. [32], a score of < 6% represents a low-risk lesion triggering annual 
repeat screening, an intermediate score between 6% and < 30% triggers a rescreen in 
3 months and a score of 30% indicates a high-risk lesion requiring more intense and 
possibly invasive diagnostic work-up. The PanCan model rarely achieves scores beyond 
50%. There is an inherent discrepancy in the process of risk estimation of a logical but rigid 
mathematical model and the intuitive but variable visual analysis of human observers. 
Whereas a direct comparison of the scores does not lead to meaningful conclusions, 
the ROC statistical analysis we used sufficiently considered the relative distribution of 
the scores and therefore allowed for comparing the performances of observers and the 
PanCan model. 

Our study has limitations. In the size-matched experiment, we tried to match the benign 
nodules in size to the malignant nodules as close as possible but perfect matching was 
not possible. As a result, the mean diameter of the malignant lesions was 3 mm larger 
than the mean of the benign nodules. However, while introducing a bias, it affected both 
observers and mathematical model in the same direction. 

Another limitation refers to the different inclusion criteria of the PanCan model and the 
DLCST: perifissural and calcified nodules were specifically excluded in the PanCan model 
because of most likely being benign. In the DLCST trial, however, calcified and perifissural 
nodules were included as solid nodules. Both, calcified and perifissural nodules in the 
group of randomly selected and size-matched benign nodules were therefore assigned a 
score of 0% in our study, to account for this design difference. 

Furthermore, our dataset comprised a relatively small number of lung cancers (62 in total), 
although we included all participants with malignant nodules annotated in the DLCST. 

Finally, inter-observer variability was not further quantified, however it’s well reflected in 
the variable AUC of the observers and the large variability of risk scores (Figure 6.4), as can 
be expected with a large number of observers. 
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In conclusion, the PanCan risk prediction model and human observers perform equally 
well for differentiating malignant from randomly selected benign screen-detected 
pulmonary nodules, underlining the large potential of computer-based risk estimation 
to trigger nodule management in population-based screening studies. Human observers, 
however, significantly outperform the PanCan model for differentiating malignant from 
size-matched screen-detected benign nodules suggesting that integration of additional 
morphological characteristics, such as pleural retraction and perinodular lung parenchyma 
distortion, used by the human observers is very likely to lead to further improvement of 
computer-based risk prediction models. 
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This chapter presents a general summary of the results of the previous chapters evaluating 
the performance of human observers and computer models to characterize pulmonary 
nodules mainly with respect to differentiating malignant from benign nodules.

Lung cancer is still the leading cause of cancer-related mortality worldwide in both men 
and women [1-3]. Since patients only develop clinical symptoms in an advanced stage 
of the disease, most lung cancers are diagnosed in a late stage which has a vastly lower 
survival rate than early stage disease [4-5]. Therefore, the most effective way to decrease 
lung cancer related mortality is early detection. Early stage lung cancer can be visible on 
a CT scan and manifests itself as a pulmonary nodule, which can be described as a round 
opacity, measuring up to 3 cm. Further on border characteristics (e.g., smooth. spiculated), 
density composition (solid, part-solid, pure ground-glass, calcified) and location (e.g., 
perifissural) are important features [6]. Pulmonary nodules can be or develop into lung 
cancer but can also have a benign origin such as an infection. 

The largest randomized control trial carried out in the United States evaluating the 
effect of screening could show that examining a population being at increased risk for 
developing lung cancer with a yearly low-dose computed tomography (CT) reduces lung 
cancer related mortality by at least 20% [7]. For the interpretation of screening CT scans, 
radiologists need to differentiate malignant from benign nodules to recommend the most 
appropriate follow-up procedure. However, the detection and interpretation of pulmonary 
nodules in a large amount of CT examinations represents a tedious, time-consuming and 
difficult task. In order to aid radiologists and to standardize the interpretation, several 
categorical systems and computer models have been developed for the interpretation of 
pulmonary nodules. 

In the first two chapters of this thesis we tested the observer variability for pulmonary 
nodule classification according to various classification systems and the possible factors 
that have an impact on observer variability and potentially, nodule management. 
Chapter 2 describes the inter- and intra-observer variability for pulmonary nodule type 
classification according to the 2013 Fleischner Society guidelines. One hundred and 
sixty chest CT scans from the Dutch-Belgian Lung Cancer Screening Trial (NELSON) with 
an equal number of nodule types and similar sizes were classified by eight radiologists 
according to the 2013 Fleischner guidelines [8]. The radiologists were asked to score the 
designated nodules based on morphology and size as solid nodule, as part-solid with a 
solid component smaller than 5 mm, part-solid with a solid component of 5 mm or larger, 
or as pure ground-glass nodule. The effect of nodule classification on nodule management 
was estimated by differentiating follow-up with low dose CT from immediate potentially 
invasive diagnostic work up. 

We found only a moderate inter- and intra-observer agreement with mean kappa-values 
of 0.51 (95% confidence interval, 0.30, 0.68) and 0.57 (95% confidence interval, 0.47, 0.71), 
respectively. Additionally, we found that nodule categorization as part-solid and location 
in the upper lung lobes were significantly more prone for observer disagreement (p = 0.012 
and p < 0.001, respectively). With respect to potential impact on nodule management, we 
found that of all discordant nodule classifications (36.4%, 1630 of 4480 possible reading 
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pairs), 88.74% was related to the presence or size of a solid component. Of all reading 
pairs, around one-quarter (24%, 1061 of 4480) would indeed have resulted in different 
nodule management, which corresponds to 60% of the included nodules (96 of 160 
nodules). While the Fleischner guidelines have been updated in 2017, the definition of 
nodule types and classes remained unchanged, meaning that our results are still valid also 
with the new guidelines. 

In chapter 3 the observer variability was quantified for applying the Lung-RADS 
Assessment Categories, a categorical system published by the American College of 
Radiology in order to standardize reporting and management of pulmonary nodules 
found in low-dose CT for lung cancer screening. It is based on malignancy risk and uses 
nodule type and growth over time as input factors [9]. Additionally, the effects of observer 
variability on nodule management and test performance were described. The subset of 
CT scans contained eighty baseline and eighty follow-up scans from one hundred and 
sixty unique subjects that were randomly selected from the National Lung Screening 
Trial covering all Lung-RADS categories in an equal distribution. Seven human observers 
categorized all CT scans in a Lung-RADS category based on the most suspicious nodule; 
the so-called “risk-dominant nodule”. For the follow-up scans, observers could see which 
nodules had been annotated in the previous CT scan and with which Lung-RADS category 
it had previously been associated. There was no reference standard for the Lung-RADS 
categories. We found a substantial inter-observer agreement with a mean kappa of 0.67 
(95% CI 0.58 - 0.77). Lung-RADS category disagreement was seen in approximately one 
third (29%, 971/3360) of the reading pairs, resulting in different patient management in 
8% (278 of 3360 reading pairs). Most disagreements (74%) were caused by assignment 
of different nodules as being the risk-dominant nodule. Out of the 91 reading pairs that 
referred to scans with a tumor diagnosis within one year, discrepancies in only 2 would 
have resulted in substantial management change. 

As the results from the first two chapters illustrate, radiologists show a substantial variability 
among each other in classifying pulmonary nodules and differentiating malignant from 
benign nodules. To aid radiologists in recommending the most appropriate follow-up 
procedure, several scoring systems and categorical management protocols have been 
developed, such as the Lung-RADS Assessment Categories, the National Comprehensive 
Cancer Network guidelines and the British Thoracic Society guidelines, as well as computer 
models that predict the malignancy risk of a pulmonary nodule based on various 
parameters such as nodule size, nodule type, nodule growth, or patient characteristics. 

One of these models is the PanCan model, which estimates the malignancy risk probability 
for pulmonary nodules detected on first-screening CT scans [10]. The parameters of these 
models were mathematically derived based on screening data. Lung cancer risk models 
should be externally validated to test generalizability and clinical usefulness. In order to 
determine which system works best to aid radiologists in differentiating malignant from 
benign nodules, the systems’ performance needs to be assessed in different independent 
datasets and be compared to each other.  
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In chapter 4 we validated the PanCan lung cancer risk models on an external database 
to assess the discriminative performance of the PanCan model. For this study, data from 
the Danish Lung Cancer Screening Trial (DLCST) was used, which is a population-based 
prospective cohort study. Besides validation of the PanCan model on the DLCST dataset, 
we also recalculated the model’s coefficients. In total, 1,152 nodules in 718 subjects from 
the DLCST database were included. On these data, the parsimonious and full PanCan 
risk prediction models were applied, and the model’s coefficients were recalculated 
using the DLCST data. The PanCan risk prediction models showed high lung cancer risk 
discrimination on the independent DLCST data, with AUC values of 0.826-0.870. In the 
DLCST cohort, age and family history were significant predictors (p = 0.001 and p = 0.013), 
while the parameter female sex was not confirmed to be associated with higher risk of 
lung cancer, but conversely with lower risk of lung cancer (p = 0.047 and p = 0.040).

In chapter 5 the performance of the PanCan model, the Lung-RADS Assessment 
Categories and the 2016 National Comprehensive Cancer Network (NCCN) guidelines for 
discriminating malignant from benign pulmonary nodules on screening CT scans were 
assessed and compared to each other. The impact of diameter measurement methods on 
the performance of the three systems was analyzed. All annotated benign and malignant 
nodules on baseline CT scans from the DLCST were included. Since each system handles 
a different definition for nodule size measurement, we evaluated the performance 
when applying the system’s original diameter definitions: Dlongest-C (longest diameter on 
axial sections, derived from computerized semi-automated segmentations; PanCan), 
DmeanAxial (mean of longest and perpendicular diameter on axial sections, derived from 
computerized semi-automated segmentations; NCCN), both obtained from axial sections, 
and Dmean3D (mean diameter based on volumetric information, derived from computerized 
semi-automated segmentations; Lung-RADS). Subsequently, all diameter definitions were 
applied uniformly to all systems. 

We found that the PanCan model performed superiorly to Lung-RADS (p = 0.003) and 
to NCCN (p = 0.010), when using the original diameter specifications. When uniformly 
applying Dlongest-C, Dmean3D and DmeanAxial, the PanCan model remained superior to Lung-
RADS (p < 0.001 - p = 0.001) and NCCN (p < 0.001 - p = 0.016). Additionally, we found that 
diameter definition had a significant impact only on the NCCN guidelines’ performance 
with Dlongest-C being the worst (p = 0.005, p = 0.016). 

Finally, chapter 6 describes the comparison between the performance of human 
observers and a computer model for the differentiation between malignant and benign 
pulmonary nodules, detected on baseline screening CT scans. Our study group consisted 
of 300 nodules in 300 chest CT scans from the DLCST. It included all scans with proven 
malignancies (n=62) and two subsets of randomly selected baseline scans with benign 
nodules of all sizes (n=120) and baseline scans with benign nodules matched in size to 
the cancers, respectively (n=118). Eleven observers and the PanCan model assigned a 
malignancy probability score to each nodule on a scale from 0 to 100 and performances 
were determined for the observers and PanCan. Additionally, seven observers assessed 
morphological nodule characteristics of all 300 nodules using a predefined list. Differences 
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in morphological features between malignant and size-matched benign nodules were 
analyzed. 

We found that the performances of the model and human observers were equivalent 
(p = 0.184) for risk-assessment of malignant and benign nodules of all sizes, confirming 
the high potential of computer models for nodule risk estimation in population-based 
screening studies. However, human observers performed superior to the computer model 
for differentiating malignant nodules from size-matched benign nodules (p < 0.001), 
indicating that the size plays an important role for the performance of computer-based 
risk models while human observers take additional (nodule) characteristics into account. 
Morphological findings indicative of malignancy referred to border characteristics 
(spiculation, p < 0.001) and perinodular architectural deformation (distortion of 
surrounding lung parenchyma architecture, p < 0.001 and pleural retraction, p = 0.002). 
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With the advent of lung cancer screening programs in the U.S. and perhaps in Europe 
in the near future, I want to discuss the advantages and disadvantages of the currently 
available classification systems and guidelines for screening detected pulmonary nodules 
based on the research results presented in this thesis. Some proposals for improving 
these classification systems will be made to overcome the limitations found in the studies 
conducted within this thesis. 

Lung-RADS: a good first step, but where is room for improvement?

In 2014, the ACR released the first version of the Lung-RADS Assessment Categories. They 
were introduced to standardize the reporting and management of lung cancer screening 
CT and were timely released before many professional societies including Obamacare 
recommended lung cancer screening programs in 2015. Similar to the Fleischner criteria, 
Lung-RADS is solely based on visual characterization of nodule type and assessment 
of growth over time based on manual measurements. Criteria are relatively straight 
forward and the subcategories were correlated with percentage of risk for malignancy 
largely based on the experience of the authors’ panel. The big advantage of the system 
at that time was that basically every trained radiologist was able to apply the Lung-RADS 
criteria independent of the scanner used and without the need for extra software tools. 
The introduction of a subcategory 4X for lesions subjectively considered as especially 
suspicious was quite modern and also unusual for an American recommendation in an 
environment that normally tries to reduce subjectivity – that is prone to individual error – 
as much as possible. Most likely it reflected the notion of the authors already at that point 
that nodule type, size and growth alone might not sufficiently reflect the full spectrum of 
lesions and adequate risk assessment. 

The idea is not new. Similar guidelines for lesion reporting and classification have been 
introduced also for other organs such as Li-RADS for liver lesions, Pi-RADS for prostate 
lesions or Bi-RADS for lesions seen in mammography. The latter, the Breast Imaging 
Reporting and Data System (BI-RADS) initiative was instituted by the ACR to address the 
lack of standardization and uniformity in mammography practice reporting. This led to 
the first version of Breast Imaging Reporting and Data System (BI-RADS) already in 1993. 
The first version consisted of recommendations regarding the conduct of mammographic 
imaging, the overall structure of a breast imaging report, and a mammography lexicon 
with carefully defined terms. BI-RADS aimed to standardize breast imaging terminology, 
report organization, and assessment structure. Over the years, BI-RADS has undergone 
various updates with addition of components for clarification, management and quality 
assurance. Most importantly in 1998, with the 3rd BI-RADS version, an atlas was introduced 
which provided renderings of examples of each descriptor, to standardize what each 
descriptor visually represented. Meanwhile the number of imaging examples has been 
increased to nearly 600 and a guidance section has been included after each modality’s 
lexicon, as well as frequently asked questions with their answers regarding BI-RADS [1]. 

A recurrent finding of our studies was that the application of Lung-RADS actually suffers 
from a number of aspects that are prone for observer variability. In chapter 2 we found that 
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radiologists have difficulty categorizing pulmonary nodules into the density categories 
solid, part-solid and pure ground-glass, as are widely used and incorporated in Lung-
RADS. In spite of the fact that this task seems relatively easy, with seemingly clear-cut 
definitions of each nodule type as stated in the Fleischner Guideline’s glossary, there was 
a substantial disagreement among the radiologists. Providing an imaging atlas similarly 
as it has been done for BI-RADS would very likely provide more guidance to what is meant 
with the different nodule subcategories.  

In chapter 3, we went a step further and tested how well observers agree in assigning 
baseline and follow-up CTs to a certain Lung-RADS category that would determine the 
management strategy. Since most CTs have several nodules, the so-called risk-dominant 
nodule has to be determined and correctly classified. All in all, we found a substantial 
observer agreement in assigning baseline and follow-up screening CT scans according 
to the Lung-RADS Assessment Categories supporting the usefulness of the system and 
its ability to harmonize patient management. Only a minority of the disagreements really 
lead to substantial management differences, defined as a difference of follow-up interval 
of at least 9 months, found in 8% of all readings (278/3360). If there was disagreement, it 
mostly was caused by assigning a different nodule as risk-dominant. In approximately 6% 
of all Lung-RADS scores the wrong Lung-RADS classification was annotated, a fact that 
might be also due to the fact that the observers were reading under study conditions and 
had limited experience with reading screening CTs.  

There are a number of other tools available for estimating malignancy risk. Of course, it 
is of great importance how well these tools agree with each other or whether substantial 
performance differences exist. In chapter 5, we compared Lung-RADS with other tools 
for nodule classification such as the National Comprehensive Cancer Network (NCCN) 
guidelines and the PanCan model. Our evaluation found that the PanCan model 
significantly outperformed both NCCN and Lung-RADS. An important side note here 
is the fact that the PanCan model is designed only for baseline nodules as it does not 
include nodule growth, in contrast to Lung-RADS. Nonetheless, the PanCan model 
outperformed Lung-RADS for baseline scans. This is in agreement with several other more 
recent studies from the literature. Hammer et al. found for a subset of patients of the NLST 
with subsolid nodules a superior overall accuracy of PanCan compared to the most recent 
Lung-RADS categories (published in 2018) for total nodules as well as on per – patient 
basis [2]. Including other criteria than nodule type and size seems to significantly improve 
the malignancy risk estimation. These aspects include a number of lesion specific but also 
patient specific aspects such as lobe location, age, presence of emphysema and family 
cancer history. 

Summarizing the limitations of Lung-RADS – as has been outlined in this thesis – refer to

• Nodule classification into three subtypes based on density components 

• Manual measurements of complete nodule size and the size of the solid component 
in part-solid nodules
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• Assignment of the “risk-dominant nodule”

• Correct assignment of Lung-RADS categorization 

• Limiting malignancy risk assessment on nodule size, type and growth without 
taking risk factors such as emphysema, age and nodule location into account. 

Therefore, I do believe that in deed there is room for improvement and that new insights 
with respect to risk estimation should be used to improve the performance of the Lung-
RADS Assessment Categories. 

Recently, an update of Lung-RADS, version 1.1 was published, which included the 
following key revisions [3]: 

• For pure ground-glass nodules, the diameter threshold has been elevated to 30 
mm, instead of the previous 20 mm. Pure ground-glass nodules with a diameter of 
≥ 30 mm that are unchanged or slowly growing, or nodules with a diameter of < 
30 mm fall into category Lung-RADS 2. Whereas pure ground-glass nodules with a 
diameter ≥ 30 mm on baseline CT or new fall into category Lung-RADS 3. 

• For category Lung-RADS 4A, only additional diagnostic testing through LDCT or 
PET-CT remains recommended. Tissue sampling is no longer recommended for this 
category. 

• Lung-RADS 4B and 4X were given the category descriptor “Very suspicious”, for 
which “additional diagnostic testing and/or tissue sampling is recommended”. The 
management of these categories now also include a notation that “for new large 
nodules that develop on an annual repeat screening CT, a 1-month LDCT may be 
recommended to address potentially infectious or inflammatory conditions”.

• Volumetric measurements are included.

• Exam modifier “C” has been eliminated, which noted prior lung cancer in version 1.0.

• Size measurement is now specified as the calculation of the mean diameter of long 
and short axis in one decimal point instead of rounding to the nearest number.

• Perifissural nodules are included and should be classified as Lung-RADS category 2. 

Based on the results of my studies I will propose a few additional steps to enhance the 
nodule categorization and risk assessment for the use in lung cancer screening programs.
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Step 1: Proposed steps for upgrading Lung-RADS or PanCan model 
a). Classification of nodule type

As stated in chapter 2, nodule type classification is not as straight forward and 
well defined for radiologists as intended. It is one of the major criteria Lung-RADS 
has built its categories on. Based on the results outlined in this thesis, a better-
defined definition of these descriptive nodule types seems necessary with various 
complementing examples, especially with respect to borderline part-solid / 
ground-glass nodules, to aid radiologists in making the distinction.

An even more radical alternative method would be to use more advanced computer 
based quantitative analysis of density features instead of visual assessment. 
Nodules would be defined by objective descriptors based on quantitative criteria, 
which could result in continuous variables for nodule type instead of the existing 
descriptive categories and it could result in more reproducible nodule assessments. 
This would also solve uncertainties on how to assess nodules that show changes 
in density over time rather than changes in size, in the case of some pure ground-
glass and part-solid nodules.  

b). Inclusion of nodule growth in PanCan

In a direct comparison (chapter 5), PanCan outperformed Lung-RADS as malignancy 
risk assessment tool. That is also the reason why the BTS guidelines incorporated the 
Brock or PanCan model. As for the PanCan model, a large disadvantage is the fact 
that it can only be used on baseline nodules, as nodule growth is not incorporated. 
Once nodule growth is added to the PanCan model, its applicability and role for 
nodule management would most likely further increase. 

Step 2: Identify radiologists’ ‘gut-feeling’
Although Lung-RADS comprises of a relatively ‘simple’ set of rules, yet evidence-
based, it leaves some room for the radiologists’ expert opinion, their ‘gut-feeling’ or 
‘fingerspitzengefühl’. Within the current Lung-RADS Assessment categories, there is one 
loophole for the radiologist’s ‘gut-feeling’, which is the category 4X. Radiologists can 
upgrade a category 3 or 4A nodule, which practically includes solid nodules with a size of 
at least 6 mm or a new solid nodule of at least 4 mm, to category 4B management based 
on additional morphological features predisposing for malignancy. Though it contains the 
risk of subjectivity and observer variability, its influence should not be underestimated. 

In chapter 6 we compared the performance of human observers with the PanCan model 
for differentiating malignant from benign nodules. We found that for nodules in general 
there was no significant difference between human observers and the PanCan model. But 
specifically, for larger nodules, human observers significantly outperformed the PanCan 
model, indicating that human observers take additional morphological features into 
account for nodule risk estimation than the PanCan model. 
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A publication by our research group, but not included in this thesis, investigated the 
added value of this category 4X specifically for differentiating malignant from benign 
subsolid nodules and they found that the malignancy rate for upgraded 4X subsolid 
nodules varied from 46% to 57% per observer, indicating that this is indeed a very useful 
tool and should not be underestimated [4]. 

However, when observers were asked to explain on which grounds or morphological 
features they assigned the nodules to 4X, they were unable to do so and no highly 
discriminatory morphological nodule features significantly predisposing for 
malignancy were identified. A recent study [5] applied a similar approach and found 
that by adding certain semantic features such as contour and border definition in 
addition to location, vessel attachment and solidity, they were able to significantly 
improve the performance of Lung-RADS for baseline as well as follow-up rounds. 
In our experience such identification of semantic features is highly prone to variability 
and irreproducibility. However, even though radiologists may be unable to identify and 
uniformly describe the additional morphological criteria they use in nodule assessment, 
it does not mean that this information is not available and should be neglected. Future 
work is needed to focus on identifying these morphological features radiologists 
use in their nodule assessment. Multiple studies have already been undertaken with 
various outcomes such as spiculation, lobulation and pleural retraction, but bronchial 
abnormalities, bubble-like lucencies, adjacent cystic airspace and vascular convergence 
sign are also indicative of a high likelihood of malignancy [6]. Similar to BI-RADS, a lexicon 
with descriptive characteristics should be provided, along with an atlas consisting of 
examples of these descriptors. This would not only help radiologists to identify nodules at 
risk for lung cancer but also increase their experience and help to harmonize description 
and terminology. 

The results described above show that there are more visually detectable features that 
constitute clinical experience and ‘gut-feeling’, and play an important role for correct risk 
assessment. The lesson from this is also that those features will be picked up by advanced 
computer analysis and incorporated into risk assessment programs whose performances 
are likely to be much better than size-based and nodule type-based algorithms. 

Step 3: Automated nodule risk assessment 
Besides the performance and accuracy of Lung-RADS and other models to aid in nodule 
risk assessment, its applicability in clinical practice is as nearly as important. Although 
the PanCan model outperforms Lung-RADS for baseline nodules, it is not very easy 
to use. One has to go to a website or app and fill out the various parameters for each 
nodule, resulting in a malignancy probability per nodule in that particular participant. 
This process can become a very tedious task and very time consuming. Lung-RADS on the 
other hand seems relatively easy to use with a single scheme using nodule type, nodule 
size and growth, but in practice interpretation errors can still be made, as we have shown 
in chapter 3.
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In order to bypass the clinical applicability issues, automated nodule risk assessment 
would be the key. As shown in chapter 6, computer models are already capable to estimate 
nodule malignancy risk as well as human observers for baseline nodules. Computer-aided 
detection systems, (semi)automated nodule segmentation algorithms and automated 
nodule characterization will only develop further, especially with the recent developments 
in the area of deep-learning. 

Deep learning is a machine learning technique where large neural networks are trained 
using a large database of examples, mimicking how humans learn perception tasks. 
Training of these networks is computationally expensive but the rapid increase of 
processing power of computers in the last decade has made this technique very successful 
and broadly applicable. Deep learning algorithms for pulmonary nodules have been 
developed using a large database of nodules, including a label, e.g. whether the nodule 
is benign or malignant, or with regards to nodule type [7]. From this data, the algorithm 
can learn to recognize malignant and benign characteristics, which it can apply to new 
nodules when presented and give a malignancy probability for the new nodules. The 
larger the training database used as input for the deep-learning machine, the better its 
performance. Our research group has published a deep learning system based on multi-
stream multi-scale convolutional networks, which automatically classifies all nodule types 
that are relevant for nodule assessment and work-up. It shows that this deep learning 
system has an averaged accuracy (69.6%) comparable to the performance of the human 
observers in this study (72.9%). Since there is no complete agreement among radiologists 
when it comes to nodule type classification, the range of variability reached by this 
system, makes it a suitable system to be integrated in workstations for automatic analysis 
of screen-detected pulmonary nodules [8]. 

Another example of research aiming to integrate deep learning in lung cancer screening 
was published by Google AI and collaborators. They presented a new deep learning tool 
for the prediction of lung cancer on CT scans [9]. This study claims that the designed model 
outperformed radiologists when a single CT scan was assessed and the model performed 
similar to radiologists when an additional prior scan was available. However, as with all 
new technical tools, one has to be careful to make sure it can be implemented in daily 
practice. In this particular case, the developed model uses a different system (LUMAS), 
instead of the specifically recommended Lung-RADS system. The lung malignancy scores 
(LUMAS) are pre-defined cut-offs for the model’s output, but do not include the appropriate 
recommended management for screen-detected nodules, as the recommended Lung-
RADS system does. Additionally, using LUMAS can result in a high scored CT scan even 
when there is no large nodule in this CT scan, which could not be in agreement with Lung-
RADS [10]. This makes a comparison between the two scoring systems difficult and limits 
the introduction of such a new scoring system into clinical application. 

Incorporating automated nodule risk assessment will make screen-detected nodule 
interpretation not only faster, but also cheaper since less radiologists are necessary. In 
a collaboration with Vancouver General Hospital, our group has shown that technicians 
aided by computer vision software can identify abnormal scans from a screening trial 
with a high sensitivity and specificity (97.8% and 98.0%, respectively), and identify more 
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prevalent nodules that were found to be malignant with the help of computer vision 
software compared to the study radiologists (92.9% and 84.8%, respectively) [11]. Of 
course, radiologists remain involved in nodule risk assessment, but for example, only for 
nodules with a borderline automated malignancy probability score. 

Recently, more deep learning algorithms for nodule detection and automated nodule risk 
assessment have been published and show high AUC values ranging between 0.96 to 0.99 
for nodule malignancy prediction [12]. However, a time-consuming process of evaluation 
and validation will be needed (e.g., FDA approval) before wide clinical application can 
be realized. This also includes compliancy of deep learning systems to different CT data, 
since not every medical center has implemented the 1 mm section thickness CT scans, as 
recommended for nodule assessment. 

In the meantime, Lung-RADS could be improved by incorporating the results outlined in 
this thesis. 
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Tijdens mijn promotietraject heb ik geleerd dat al het werk een team-effort is. Daarom 
wil ik graag alle mensen die mij hebben geholpen, gesteund en waar ik mee heb 
mogen samenwerken enorm bedanken voor alle hulp, de verschillende inzichten die 
me gegeven zijn zowel op professioneel als persoonlijk vlak, voor de steun, voor de lol 
tijdens het uitvoeren van de verschillende studies, voor het enorme geduld en voor de 
zelfontdekkingstocht die hier parallel aan loopt in dit hoofdstuk van mijn leven. 

Zoals veel mensen in mijn directe omgeving weten, ben ik iemand die een enorme liefde 
heeft voor bloemen, zowel voor de esthetiek ervan, als voor de medicinale krachten die 
vaak verscholen zitten in de ogenschijnlijk ‘simpele’ en onkruid-achtige bloemen die in 
bermen, bossen en tuinen groeien, maar ook in de meer spirituele betekenis van bloemen. 
In de Victoriaanse tijd werd de taal van de bloemen beter verstaan en kon de ontvanger 
een boeket bloemen helemaal uitpluizen om de precieze boodschap van de gever te 
achterhalen aan de hand van de verschillende bloemen die hij of zij had uitgekozen. 
Daarom heb ik in het dankwoord geprobeerd om dit promotietraject met mijn passie voor 
de eeuwenoude planten en geneeskunde te combineren. 

Ik heb een bloem uitgekozen voor iedereen in mijn dankwoord, die daarmee voor mij een 
belangrijke eigenschap van de verschillende personen representeert. 

Allereerst wil ik natuurlijk mijn promotoren en copromotor bedanken. 

Leeuwenbek (Antirrhinum) – liefde voor de wetenschap 

Beste Bram, ik wil je ontzettend bedanken voor je begeleiding tijdens mijn PhD. Jouw visie, 
structuur, discipline, ideeën, directheid en feedback zijn de backbone van dit proefschrift. 
Ik heb zo veel van je geleerd op veel verschillende gebieden. Ik ben heel dankbaar om jou 
als leermeester te hebben gehad in de wondere wereld van de wetenschap. Een wereld 
waar je zeker voor verrassingen komt te staan. De manier waarop jij steeds weer weet 
te schakelen en anticiperen op wat er op je pad komt, maar bovenal jouw liefde voor 
wetenschap heeft me geïnspireerd en ik ben dankbaar om een kijkje te hebben mogen 
nemen in jouw denk- en werkwijze. Dank voor al je geduld, voor je betrokkenheid en 
feedback bij al mijn presentaties, papers en bij dit proefschrift. 

Engelwortel (Angelica) – inspiration 

Dear Cornelia, I remember when I first came to DIAG, I was given the opportunity to do 
a PhD on pulmonary nodules with Bram and you, or to do a PhD with Nico Karssemeijer. 
Nothing to the detriment of Nico, but to be honest, you were definitely a big factor that 
made me choose for this project. Your enthusiasm, warmth, your passion for both radiology 
and research, your involvement with everyone you work with, both on a professional and 
personal level is really heartwarming and inspiring. You are a real force of nature, and I am 
sincerely grateful and proud to have you as my promotor. I enjoyed the visits to Hilversum 
to discuss the papers, and work on the observer studies together. It has been a joy to 
witness your curiosity and optimism. We both know that especially the last part of this 
thesis was difficult on my end. I sincerely want to thank you for your interest, empathy 
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and support. Thank you for all your feedback and your help writing these papers. It has 
been an honor to have been working with you and it has been heartwarming the way you 
invited me (and I think all your PhD students) into your life. It would be an understatement 
to say that without you this thesis would not have been the way it is.   

Kamperfoelie (Lonicera) – toewijding, betrouwbaarheid

Beste Colin, toen ik begon met mijn PhD was jij ook nog bezig om jouw PhD af te ronden. 
Ik heb jou mogen zien groeien in allerlei aspecten, maar als er iets is wat ik een prachtige 
en krachtige eigenschap van jou vind, dan is dat jouw toewijding en betrouwbaarheid. En 
hoe ik jou heb mogen leren kennen, maakt het niet uit of dat op het gebied is van werk, 
vriendschap of familie. De rust die jij uitstraalt en hoe je iedereen in je omgeving helpt 
is heel bijzonder en ik mag me dan ook enorm in mijn handjes knijpen om jou als mijn 
copromotor te hebben. Natuurlijk wil ik je enorm bedanken voor alle lol, je betrokkenheid, 
je script expertise en je visie, maar bovenal wil ik je bedanken voor je geduld. Ik weet dat 
iedereen enorm blij is dat dit proefschrift dan nu eindelijk volbracht is, maar ik wil toch 
gezegd hebben dat ik het zonder jou niet had kunnen doen. Dank dank dank! 

Lupine (Lupinus) – verbeeldingskracht 

Dear professor dr. Prokop, dear Mathias, thank you for your inspiring talks and your 
wisdom. It has always been inspiring when you share you visions, not only for the 
Radiology department as a whole, but also for the role of radiologists in the future and 
your visions on research within chest radiology. Thank you for sharing your thoughts, for 
your feedback and your involvement in so many different projects.  

Vlambloem (Phlox paniculata) – bekwaamheid, vaardigheid in werk (competent, 
skillful in work)

Dear Francesco, thank you so very much for all your hard work, for making all those scripts 
for me to generate the results and for making sure all the big datasets worked. But most of 
all, thank you for your calm and focused energy, your patience, your diligent and precise 
work, and your lovely stories about Italian food :)

Kamille (Matricaria chamomilla) – feestelijk en zonnig

Sjoerd, dankjewel voor de fijne tijd bij DIAG die ik voor een aanzienlijk deel aan jou te 
danken heb. De liefde voor muziek die wij konden delen was een echte verrassing! Ik vond 
het heel tof om te weten dat ik jou net zo blij kon maken als ik zelf werd van een nieuw 
ontdekt nummer of mixtape. Daarnaast heb ik veel gehad aan de fijne gesprekken die 
we tijdens het werk hadden. Ook al is het contact verwaterd, dank voor alle feestelijke/
muzikale en inspirerende energie die ik van je mocht ontvangen.  
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Ranonkel (Ranunculus) – charme 

Jean-Paul, jouw enthousiasme en Franse charme brachten extra gezelligheid op onze 
kamer bij DIAG. Dank voor alle lol die we hebben gehad, voor al je hulp met kleine scriptjes 
die je voor me hebt gemaakt en voor de fijne gesprekken. Jouw eigenschap om positief te 
blijven, je enthousiasme en je grappen werken zeer aanstekelijk en hebben me absoluut 
geholpen tijdens mijn PhD. 

Stokroos (Alcea rosea) – ambitie 

Kaman, jouw vrolijkheid en ambitie brachten nog wat meer leven in de brouwerij van 
DIAG. In de onderzoeksgroep van DIAG, waar toch met name mannen werkten, was ik 
blij met een vrouwelijke PhD-collega! Dankjewel voor het prettige samenwerken en de 
leuke avonturen in Wenen, Barcelona en Chicago tijdens de verschillende congressen, 
maar ook natuurlijk tijdens de DIAG-uitjes. Wellicht mogen we in de toekomst nog eens 
samenwerken! 

Hazelaar (Corylus avellana) – wijsheid

Beste Ernst, dank voor de rust die je bracht bij DIAG. Heel bijzonder vond ik het om een 
‘pensionado’ in ons midden te hebben met liefde voor de radiologie en wetenschap. Dank 
voor de prettige en ontspannen samenwerking, je wijsheden over het vak en over het 
leven. 

Freesia (Freesia) – shared joy 

A big thank you to all my other DIAG colleagues! To my colleagues with whom I had all 
the weekly Pulmo meetings and Wednesday CAD meetings; Paul, Arnaud, Eva, Leti, Rick, 
Pragnya and Steven, thank you for the interesting meetings regarding all things related to 
pulmonary nodules, it was a real pleasure to work with you. 

Clarisa, thank you for your help with some statistical challenges during my PhD. Eva, Leti, 
Clarisa, Kaman, Suzan, Pragnya, Rieneke, Nadia, Katharina, thank you for all the fun we 
had during the work-bachelorette parties! Those were some classic ‘shared joy’ moments. 

Jan, dank voor jouw hulp en steun tijdens mijn PhD traject. Dank voor de fijne gesprekken 
waarin we onze valkuilen konden delen én bovenal dank voor jouw gezelligheid tijdens 
het werk en tijdens de verschillende congressen, inclusief het dansen van een soort van 
tango tijdens de ECR in Wenen!

And of course: Thijs, Babak, Mohsen, Mehmet, Geert, Jan-Jurre, Henkjan, Bram P, Nico, 
Sven, Albert, Jan-Jurre, Mark, Rieneke, Suzan, Wendy, Marcel, Martin, Freerk en Midas. 
Thank you for the gezelligheid, the fun conversations during coffee breaks, lunch and the 
DIAG weekends. 
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Lisianthus (Eustoma) – appreciation 

To the Fraunhover MEVIS colleagues, I’m really grateful for your support, through the 
various meetings and of course through the funding of this project by your research grant. 
I really enjoyed the visits to your wonderful research institute in Bremen and to get a peek 
into the important work you are doing there. 

Sinaasappel (Citrus sinensis) – vrijgevigheid 

Beste Liesbeth Peters-Bax, Miranda Snoeren, Monique Brink, Onno Mets, Professor dr. 
Pim de Jong, Rianne Wittenberg, Ralf Sprengers, Bram Geurts, Bart de Hoop en Marieke 
Hovinga-de Boer, ik ben jullie enorm dankbaar voor het participeren aan mijn studies als 
observer en voor jullie input bij de verschillende projecten en artikelen. Zonder jullie was 
het lang niet zo leuk om deze studies uit te voeren. Ik ben met veel plezier op pad gegaan 
om bij jullie thuis of op het werk de software en datasets te brengen en uit te leggen wat ik 
nu precies van jullie wilde. Dank voor jullie geduld, voor jullie vrijgevigheid van jullie tijd, 
energie, expertise en enthousiasme. 

Chervil (Anthriscus cerefolium) – sincerity 

Dear Mathilde Winkler Wille and Asger Dirksen, thank you for your collaboration on the 
DLCST data and the various projects and observer studies. I really enjoyed meeting you in 
Copenhagen and working with you. 

Canterbury bells (Campanula medium) – gratitude 

Dear dr. Alex Bankier, dr. David Naidich, dr. Johnny Verschakelen, dr. Nicola Sverzellati, I 
want to thank you all for participating in my observer studies, and for your feedback on 
my projects and papers. And dear Alex, I want to thank you for making me feel welcome 
during my short stay in Boston. 

Viool (Viola) – vertrouwen

Lieve pap en mam, ik wil jullie bedanken voor alles wat jullie me hebben gegeven. Maar 
voornamelijk voor het vertrouwen wat jullie me hebben gegeven. Het vertrouwen 
in de liefde met jullie als voorbeeld na 50 jaar samenzijn, het vertrouwen dat ik altijd 
weer terugkom, het vertrouwen wat jullie me hebben gegeven in mezelf ondanks de 
faalangst over dit project. Om te zeggen dat jullie er altijd en onvoorwaardelijk voor me 
zijn, is een understatement. Zo ook met dit promotieonderzoek. Jullie betrokkenheid is 
hartverwarmend, inclusief de krantenartikelen die jullie me stuurden als jullie iets lazen 
over longkanker screening. Mam, de passie die wij delen voor het planten- en bloemenrijk 
is iets bijzonders wat ik erg koester. Je bent voor mij een voorbeeld van een sterke en 
liefdevolle vrouw en dat je in je carrière veel voor elkaar kan krijgen met discipline, focus 
en hard werken. Tegelijk liet je me ook zien dat je niet altijd hard hoeft te zijn en vaak juist 
met empathie en (vrouwelijke) zachtheid tot een overeenkomst kan komen. Pap, ik ben 
trots op de wat ongewone rolverdeling die we thuis hadden met jou als huisvader. Ook al 
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was het vast lang niet altijd makkelijk, het heeft me onder andere geleerd een open blik te 
hebben naar de wereld en dat er zoveel meer opties zijn dan ‘de norm’. Jouw passie voor 
de fotografie en daarmee jouw creativiteit heb ik ook van je meegekregen en zal altijd 
in meer of mindere mate aanwezig zijn in mijn leven. Ik vind het heel bijzonder en ben 
heel blij dat we met zijn drieën het eindresultaat van de omslag van mijn boekje hebben 
gemaakt, wat een prachtige combinatie is van mijn onderzoek met jullie twee grootste 
hobby’s: bloemen/tuinieren en fotografie. 

Begonia (Begonia) – balans 

Lieve Niels, als klein kind wilde ik altijd alles wat ik kreeg met jou delen. Gelukkig is dat 
nu iets minder geworden, maar ik ben heel blij dat we ondanks de afstand Amsterdam-
Groningen een manier hebben gevonden om betrokken te blijven bij de dingen die in ons 
leven spelen. Ondanks dat we natuurlijk heel verschillende persoonlijkheden hebben als 
broer en zus en anders in het leven staan, ben je op veel vlakken een inspiratiebron voor 
me. Zoals je stabiliteit, je doorzettingsvermogen, je loyaliteit en liefde voor je familie, je 
werk en je vrienden (en je vermogen om van het leven te kunnen genieten) en daarmee 
uiteindelijk de balans die je vindt tussen werk en ontspanning. Maar bovenal ben ik enorm 
dankbaar dat je altijd voor me klaarstaat, wat er ook gebeurt en daarmee laat je me een 
prachtige invulling van het begrip ‘familie’ zien. Dankjewel!   

Gladiool (Gladiolus) – kracht 

Lieve Renate, de hoeveelheid energie die jij hebt lijkt oneindig te zijn. Hoe jij je werk, je 
gezin, met nu een derde kindje onderweg, je grote vriendenkring, sport en de kleinere 
projecten die overal tussendoor lopen allemaal je aandacht en energie kan geven 
is voor mij een raadsel. Wellicht heeft het toch iets met je geboortedag te maken, die 
waarschijnlijk niet voor niets de ‘dag van dynamiek’ wordt genoemd. Voor mij symboliseer 
jij kracht. De kracht om hard te werken op verschillende fronten, maar tegelijk de mensen 
die je lief hebt te helpen. Ik bof met jou als mijn ‘schone’ zus! Ik vind het heel bijzonder en 
ben heel dankbaar om jou als mijn paranimf dicht bij mij te hebben op deze speciale dag.

Incalelie (Alstroemeria) – elk blaadje heeft een betekenis: begrip, humor, geduld, 
medeleven, daadkracht en respect. Dé bloem van de vriendschap

Lieve Leo, wat een cadeau om jou als buuf én als vriendin in mijn leven te hebben! Jij 
hebt natuurlijk eigenlijk alleen het laatste deel van mijn promotietraject meegemaakt, 
maar je hebt me er enorm mee geholpen. De fijne gesprekken waarin ik altijd mezelf 
kan zijn, je begrip, wijsheid, je creativiteit en mogelijkheid om mee en out of the box te 
denken hebben me enorm geholpen om uiteindelijk dit alles af te maken en er alsnog een 
project van te maken waar ik met een gevoel van waardigheid op terug kan kijken. Jouw 
levensenergie en creativiteit zijn aanstekelijk. Je hebt me geleerd om te vertrouwen op 
het universum, op mijn eigen kracht en vooral op al het moois wat er in het leven is. Ik ben 
dan ook heel dankbaar dat ik jou aan mijn zijde mag hebben staan als paranimf, wat om 
meerdere redenen van toepassing is op jou.
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Reukerwt (Lathyrus) – subtiel genieten

Lieve Floor, voor jou heb ik de reukerwt gekozen, die onder andere staat voor subtiel 
kunnen genieten. Ondanks dat het leven lang niet altijd eerlijk of makkelijk is, kan 
jij zo van alle kleine dingen in het leven genieten, of dat nu een mooie lichtval op de 
keukentafel is, de tegenstrijdigheid van de citruskleurige zonnebloem, of de mooie 
kleuren van ingemaakte jam. Ik geniet heel erg van onze reisjes naar Frankrijk, waarna 
ik altijd weer helemaal geïnspireerd ben en juist deze kleine schatten meer zie en ervan 
geniet. De reukerwt is tevens een hele sterke plant die overal tegenaan kan klimmen 
om haar prachtig gekleurde en geurende bloemen te laten bloeien. Het grappige is dat 
de juist in het subtiel genieten van de kleine dingen eigenlijk een enorme hoeveelheid 
genieten verscholen zit en dat zie ik bij jou. Dankjewel voor het meedenken over de cover 
van dit boekje, mede dankzij jou is het geworden zoals het nu is.

Dahlia (Dahlia) – uitbundigheid, weelde, pracht

Lieve Rijnep en David, de Dahlia heb ik niet alleen voor jullie gekozen, maar ook voor Chris 
en Nanda. De prachtige en kleurrijke bloem die in allerlei kleurschakeringen voorkomt en 
een echte opvallende beauty is. Jullie aanwezigheid is (en was) niet te missen en dat is iets 
wat ik enorm waardeer. Ik ben dankbaar dat ik met zulke bijzondere en kleurrijke ooms 
en tantes ben opgegroeid, waarbij altijd zo veel mogelijk was (en is) en op verschillende 
manieren mijn fantasie en creativiteit werden gestimuleerd. 

Kerstster (Euphorbia pulcherrima) – wees opgewekt

Lieve Koos, dank voor de mooie herinneringen van logeren bij opa en oma, de eindeloze 
hoeveelheid films kijken, het dansen met Punkie tot samen door Den Haag slenteren 
om leuke plaatjes te schieten. Ik heb niet veel vergelijkingsmateriaal, maar ik ben blij 
om een neef te hebben waarmee ik makkelijk gewoon kan ‘zijn’, of we het nu over onze 
levenslessen hebben of een beetje keuvelen met een kop thee of koffie. 

Ridderspoor (Delphinium) – zweven 

Lieve opa Gert-Jan, opa Ad en oom Joop, jullie zijn allemaal niet meer op deze planeet en 
zweven nu ergens rond. Toch zijn jullie nog regelmatig in mijn gedachten en wil ik jullie 
bedanken voor jullie kracht en levenslessen. 

Peer (Pyrus comminus) – welvaart

Lieve oma Erna, dankjewel voor alles. Dank voor de vele leuke herinneringen; de hand 
van Sinterklaas die uit het doorgeefluikje van de keuken zomaar snoepgoed strooide, 
het kruipen door de garage voor het alarm, de zwemavonturen in Gilze-Rijen en later in 
Almere, de vele films die we hebben gekeken en het zeilen. Dankzij jou was er veel mogelijk 
en ik ben dankbaar voor de tijd die ik met jou en met opa Gert-Jan heb doorgebracht. 
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Lavendel (Lavendula) – vriendschappelijke liefde

Lieve Nicole, lieve buuf, voor jou heb ik niet alleen de lavendel gekozen omdat ze staat 
voor vriendschappelijke liefde, maar ook omdat ik weet dat de lavendel voor jou zoveel 
meer betekent. Ik voel me altijd thuis bij jou en ik weet dat ik helemaal mezelf kan zijn. 
Dat is iets wat niet zo vaak zo makkelijk voorbijkomt. Dankjewel voor je kracht, zachtheid, 
betrokkenheid en vooral je sparkle en joy! Je laat me echt zien dat het leven magisch 
is. Dat je manifesteren kan leren en dat er zoveel moois op je pad komt als je er open 
voor staat. Ik vind het heel inspirerend om te zien hoe jij je leven vormgeeft, hoeveel 
vertrouwen jij hebt, hoeveel power jij in je hebt en hoe je alles kan laten stromen om voor 
elkaar te krijgen wat je voor ogen hebt. Ik ben je heel dankbaar voor de sisterhood, onze 
avonturen, je hulp om uit mijn struisvogelmodus te komen en bovendien dat je me steeds 
meer mijn eigen kracht zien. Pakaaaa!

Sansevieria (Dracaena trifasciata) – vreugde van spiritualiteit

Lieve Ingeborg, Maria, Magda en Lena in één. Wat ben jij een bijzonder wezen.  Dankbaar 
ben ik voor jouw vriendschap met jouw luisterend oor, inlevingsvermogen, inzichten, 
wijsheid, hoe je met me meedenkt over allerlei verschillende aspecten van mijn leven, en 
ook voor de heerlijke enthousiaste sparkle die we samen hebben.  

Geranium (Pelargonium) – blijheid

Lieve Annika, kabouter, wat hebben wij toch een mooie tijd gehad in Nijmegen! Niet 
alleen als vriendinnen, maar ook 9 jaar als huisgenoten. Jouw blijheid en enthousiasme 
waren zo aanstekelijk en ontwapenend dat het niet anders kon dan dat we vriendinnen 
waren sinds dag 1 van onze studententijd. Het verbaast me dat we niet vaker de slappe 
lach kregen terwijl we allebei alleen op een kamer met elkaar aan het chatten waren. 
Dankjewel voor die levensenergie! Daarnaast liet je mij ook kennismaken met discipline 
wat betreft studeren (maar misschien iets minder met andere dingen, dat was ook goed 
om te zien;)). Ik ben je enorm dankbaar voor je onvoorwaardelijke support wat er ook 
gebeurt en voor onze telefoontjes op weg naar huis vanuit werk. Ook al wonen we al tijd 
een stuk verder uit elkaar dan in de kamers naast elkaar en zien we elkaar veel minder, ik 
koester jouw vriendschap.

Guldenroede (Solidago) – mentale oprechtheid

Martini, wat mij betreft staat de guldenroede voor jou symbool. Beheerst, perfectionistisch 
en je weegt je beslissingen zorgvuldig tegen elkaar af. Sinds dat ik je ken vind ik je 
een prachtig, evenwichtig en wijs mens, die daarnaast niet vies is van een feestje en 
dansje, ook al betekende dat dat we jou letterlijk naar huis moesten dragen (en niet 
eens door de alcohol, ook al heb je je bijnaam niet voor niets gekregen…). Ik vind het 
bewonderingswaardig hoe jij bij jezelf kan blijven en echt staat voor de dingen die voor 
jou het belangrijkst zijn in je leven. Het is één van jouw krachten om te voelen waar je 
prioriteiten liggen en je leven daarnaar in te richten. 
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Jij en Annika zijn allebei echte aarde-mensen. Jullie laten je niet snel van de wijs brengen, 
staan voor jullie principes, zijn gedisciplineerd op jullie eigen manier, loyaal, eerlijk en 
praktisch. Ik ben enorm dankbaar dat ik mijn studententijd met jullie heb mogen delen 
en nog steeds met jullie mag lachen, huilen, leren, dansen, ontdekken en groeien tot wie 
we nu zijn en wie we nog mogen worden.

Gloxinia (Sinningia speciosa) – verruiming van jezelf

Lieve Amber, ik leerde jou kennen toen ik middenin mijn promotietraject zat. Daar 
zaten we dan allebei thuis te werken bij Raymond thuis, toen we erachter kwamen dat 
we elkaar best wel leuk vonden en zo ontstond onze vriendschap. Ik bewonder jouw 
nieuwsgierigheid naar zo veel verschillende onderwerpen en aspecten van het leven en 
de manier waarop je je steeds in een nieuw onderwerp kan duiken. Dank voor je interesse 
in mijn promotie onderwerp, voor het af en toe checken van een artikel op Engelse 
grammatica, maar voornamelijk voor de vriendschap die tijdens dit hoofdstuk in mijn 
leven is ontstaan. 

Flamingoplant (Anthurium andraeanum) – toewijding 

Samantha, het is prachtig om te zien hoe jij met zo’n gedrevenheid zowel je leven in de 
medische wereld als in de televisiewereld blijft ontwikkelen en daartussen blijft schakelen. 
Jouw discipline, energie, toewijding en hoe jij je einddoel nooit uit het oog verliest zijn 
een inspiratiebron. Dank daarvoor.     

Klaproos (Papaver) – spontane vreugde van de natuur

The ones: Morsal, Miriam, Madeleine en Marjolein. Nou als dit geen spontane vreugde 
is... dan weet ik het ook niet meer! Dank voor jullie positiviteit, enthousiasme en support. 
Ik ben heel dankbaar om met jullie het avontuur van de radiologie opleiding te mogen 
delen!

Boterbloem (Ranunculus acris) – rijkdom, kinderlijkheid, onbevangenheid

Lieve Charlotte, wie had dat gedacht toen wij op de lagere school bonnen verzamelden 
en onze eigen recordings deden, dat we nu een PhD op zak zouden hebben! Dank voor je 
onbevangenheid en vrolijkheid!

En natuurlijk ook samen met Lotte, met zijn drieën zo veel gedanst, gelachen en 
inspirerende gesprekken tot kamperen in de achtertuin, the Warnsveld OG’s for life!
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Pioenroos (Paeonia) – gelukkig leven en gezondheid, Anemoon (Anemonastrum) 
– attentheid en zorgzaamheid, Duizendblad (Achilea millefolium) – moed en 
dapperheid, Amaryllis (Hippeastrum) – trots en bewondering, Ijzerhard (Verbena 
officinalis) – degelijkheid en grondigheid

Lieve Cathelijn, Iris, Maaike, Tabothsie en Merin, dankjulliewel voor jullie vriendschap. 
Jullie zijn allemaal zo verschillend, maar jullie geven me allemaal positieve energie en 
inspireren mij allemaal op jullie eigen manier. Dankbaar om jullie in mijn leven te hebben. 

Bamboe (Bambuseae) – oprechtheid, duurzaamheid, onverwoestbaarheid

Lieve Sander, ook jou wil ik bedanken. Ook al hebben we het als een koppel niet gered – ik 
ben je enorm dankbaar voor alle avonturen die ik met je heb beleefd en de lessen die ik 
heb mogen leren.  Dank voor de steun die je me hebt gegeven tijdens mijn promotie en 
nog steeds geeft. 

Tijm (Thymus) – bedrijvigheid

Beste Marc, ontzettend veel dank voor je hulp bij het bewerken en optimaliseren van onze 
cover foto! 

Cichorei (Cichorium intybus) – het vinden van de weg

Tot slot wil ik ook mezelf bedanken voor alles, inclusief mijn imperfecties. Als ik terugkijk op 
dit promotietraject, was het een prachtige ontwikkelingsreis en staat het voor mij vooral 
symbool voor het vinden van de weg in mezelf in allerlei aspecten van mezelf. Ik heb mijn 
kwaliteiten mogen zien en omarmen en ik heb regelmatig oog in oog gestaan met mijn 
valkuilen, waardoor ik veel over mezelf heb mogen ontdekken. Mijn geduldige en minder 
geduldige kant. Het oog voor detail en soms voor meer overzicht. Het enthousiasme en 
de faalangst. Mijn licht en schaduwkanten. Uiteindelijk ben ik heel blij en trots dat ik dit 
tot een mooi einde heb volbracht. 
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