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Objectives: The purpose of this study was to develop and validate a computer-
aided diagnosis (CAD) tool for automatic classification of pulmonary nodules
seen on low-dose computed tomography into solid, part-solid, and non-solid.
Materials andMethods: Study lesions were randomly selected from 2 sites par-
ticipating in the Dutch-Belgian NELSON lung cancer screening trial. On the ba-
sis of the annotations made by the screening radiologists, 50 part-solid and 50
non-solid pulmonary nodules with a diameter between 5 and 30 mm were ran-
domly selected from the 2 sites. For each unique nodule, 1 low-dose chest com-
puted tomographic scan was randomly selected, in which the nodule was visible.
In addition, 50 solid nodules in the same size range were randomly selected. A
completely automatic 3-dimensional segmentation-based classification system
was developed, which analyzes the pulmonary nodule, extracting intensity-,
texture-, and segmentation-based features to perform a statistical classification.
In addition to the nodule classification by the screening radiologists, an indepen-
dent rating of all nodules by 3 experienced thoracic radiologists was performed.
Performance of CAD was evaluated by comparing the agreement between
CAD and human experts and among human experts using the Cohen κ statistics.
Results: Pairwise agreement for the differentiation between solid, part-solid, and
non-solid nodules between CAD and each of the human experts had a κ range be-
tween 0.54 and 0.72. The interobserver agreement among the human experts was
in the same range (κ range, 0.56–0.81).
Conclusions: A novel automated classification tool for pulmonary nodules
achieved good agreement with the human experts, yielding κ values in the same
range as the interobserver agreement. Computer-aided diagnosis may aid radiol-
ogists in selecting the appropriate workup for pulmonary nodules.
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A t present, the 5-year survival rate of patients diagnosed with lung
cancer is very low with only 16%. This is mainly caused by the fact

that only 15% of all diagnosed lung cancers are detected at an early
stage.1 Results by the National Lung Screening Trial, showing a 20%
reduction in lung cancer mortality in a study group that received 3
annual low-dose computed tomographic (LDCT) scans,2 has fueled
the debate on lung cancer screening using LDCT and generally raised
the importance of appropriate management of incidentally found pul-
monary nodules.

At this early tumor stage, differentiation of benign versus malig-
nant nodules largely depends on CT morphological criteria and their
changes over time. This has been taken into account by the recommen-
dations of the Fleischner Society that propose different management
strategies for solid, part-solid, and non-solid nodules based on their dif-
ferent biological behavior.3–5 These guidelines reflect the current evi-
dence that shows that part-solid and non-solid nodules have a higher
malignancy rate than solid nodules do, especially part-solid nodules.6

Moreover, a recent publication, which presented an externally validated
model to predict the malignancy likelihood of pulmonary nodules on
baseline screening CT scans, showed that the nodule type, using the
same 3 subgroups, was one of the most important predictors for malig-
nancy.7 This underlines the importance of an accurate assessment of the
nodule type.

Studies investigating interobserver and intraobserver agreement
between radiologists for the classification of pulmonary nodules are
scarce: Yildirim et al8 found a good interobserver agreement of experi-
enced readers for differentiating solid from subsolid nodules (κ = 0.619
and κ = 0.654); however, in this study, no further differentiation was
made for subsolid nodules into part-solid and non-solid lesions. An-
other study by van Riel et al9 reported low interobserver agreement
(κ = 0.33) and moderate intraobserver agreement (κ = 0.54) for readers
of varying experience for classifying screening-detected solid, part-solid,
and non-solid nodules on LDCT scans.

Computer-aided diagnosis (CAD) might be helpful for classifi-
cation of pulmonary nodules. It can possibly reduce interobserver and
intraobserver variability between human readers, especially between
experienced and less-experienced readers. In addition, computer analy-
sis algorithms aiming to predict the malignancy likelihood of pulmo-
nary nodules most certainly would benefit from an automated
classification. The purpose of this study was therefore to develop and
validate a CAD tool for automatic classification of pulmonary nodules
seen with LDCT into solid, part-solid, or non-solid.

MATERIALS AND METHODS

Data
Data for this study were extracted from all CT scans from 2 sites

of the Dutch-Belgian NELSON lung cancer screening trial.10 The
NELSON trial was approved by the Dutch Ministry of Health and the
institutional review boards of the participating centers. Written in-
formed consent was obtained from all participants. The original ap-
proval and informed consent included the ability to use data for future
research, including retrospective studies. The NELSON database con-
tains all nodule annotations with respect to localization as well as clas-
sification as solid, part-solid, or non-solid as determined by the local
radiologists involved in the screening trial. The NELSON trial used a
double reading paradigm, and the level of experience ranged between
none to more than 20 years of experience reading thoracic CT scans
for the first readers; both second readers had 6 years of experience.10
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Nodule Selection
We randomly selected 50 nodules marked as part-solid and 50

nodules marked as non-solid in the range between 5 and 30 mm from
the 2 sites of the screening trial. Most nodules were visible on multiple
CT scans. For each unique nodule, we randomly selected 1 scan on
which the nodule was visible. In addition, 50 nodules marked as solid
in the same size range as the subsolid lesions were randomly selected
from the NELSON database. None of the lesions was included twice;
however, 1 CT scan could contain more than 1 lesion. Histopathology
was not available for the majority of these nodules. The size of the nod-
ules ranged from 6.0 mm to 28.3 mm in diameter with a median of
11.5 mm. In total, the CT data consisted of 126 LDCT scans origi-
nating from 117 subjects.

CT Imaging Protocol
All CT data had been acquired at full inspiration using the low-

dose technique (16 ! 0.75 mm; 120-140 kV(p), 30 mAs) using a 16-
detector row CT scanner, either an MX8000 IDT/Brilliance 16 (Philips
Medical Systems, Cleveland, OH) using a moderately soft reconstruc-
tion kernel (B; Philips Medical Systems) or a SOMATOM Sensation
16 (Siemens Medical Solutions, Erlangen, Germany) using a B30f ker-
nel. The data set included 65 CT scans performed at 120 kV(p); the re-
maining 61 CT cases were performed at 140 kV(p). All reconstructions
were performed using a 512! 512 reconstruction matrix set around the
widest dimension of the thorax. The in-plane voxel size varied between
0.54 and 0.81 mm, and section thickness was 1 mm with an increment
of 0.7 mm.

Automated Classification System
The automated classification CAD uses a previously published

3-dimensional nodule segmentation algorithm that combines region
growing with a dedicated sequence of morphological operations to re-
move adjacent structures such as vessels and the pleural wall from the
nodule.11 The only human input is a user-defined seed point, which is
expected to be placed near the center of the pulmonary nodule. On
the basis of the seed point, a 3-dimensional volume of interest around
the seed point is defined. Then, 2 different segmentation processes
are started by using different parameter settings for the segmentation al-
gorithm. The 2 different parameter settings are aimed (1) to segment the
complete nodule, which may contain ground-glass and/or solid compo-
nents, and (2) to segment the solid component of the nodule. A segmen-
tation solely of the ground-glass components of the nodule is
subsequently obtained by computing the relative complement of these
2 segmentations. For the 2 segmentation processes, different lower
thresholds in Hounsfield units (HUs) were defined: −750 HU for the
complete nodule and −450 HU for the solid component, respectively.
The threshold for solid nodules and its effect on the final segmentation
have been reported previously.11 The lower threshold for the ground-
glass components has been adopted from a phantom study.12 In case
of a part-solid lesion, the seed point is expected to be placed inside
the solid core of the lesion. Because the segmentation algorithm incor-
porates a step to remove attached vasculature,11 the solid core can be
successfully segmented, even if vasculature is running through the
ground-glass component of the lesion. An example of the different seg-
mentations is given in Figure 1.

FIGURE 1. Illustrations of the different, possibly empty segmentations for a solid lesion (top row), non-solid lesion (middle row), and part-solid lesion
(bottom row). Each subimage displays a transversal field of view of 6 ! 6 cm. The left column shows the original image without segmentation
results; the leftmiddle column, solid component segmentation; the right middle column, complete nodule segmentation; and the right column, ground-
glass component segmentation. Figure 1 can be viewed online in color at www.investigativeradiology.com.
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On the basis of these 3 segmentations, numerical characteristics
(features) are extracted, taking the full 3-dimensional information into
account. Volume, mass, and average density are calculated for each of
the 3 segmentations. In prior experiments, however, we had found that
a simple classifier based on only these features works insufficiently be-
cause it does not take into account the internal density distribution of
the lesion. Therefore, a histogram analysis of the voxel densities inside
the complete nodule segmentation is performed using a bin size of
10 HU. On the basis of the histogram, the following features are com-
puted to describe the intensity distribution: entropy, standard deviation,
mean height of all bins, density and height of bin with most voxels, and
quantiles at 5%, 25%, 75%, and 95%. We assess the internal structure
of the lesion on CT by extracting localized texture features, which we
obtain using local binary patterns.13 Figure 2 illustrates 3 examples of
nodules with a heterogeneous internal structure.

Finally, a regression k-nearest-neighbor classifier,14 which is a
supervised statistical classifier, is applied to classify nodules into the
3 categories. The parameter k of the classifier is set to 12, the square
root of the number of samples. Because the transition from a non-solid
nodule to a solid nodule is a gradual process, a regression classifier
was adopted. For training of the regression classifier, the response var-
iable y was set to "1, 0, and 1 for non-solid, part-solid, and solid nod-
ules, respectively.

Observer Study
An observer study was carried out involving 3 expert chest radi-

ologists (all with >15 years experience in reading chest CTs) to assess
the human interobserver agreement for the task at hand. The 3 indepen-
dent expert radiologists will be referred to as reader 1, reader 2, and
reader 3 in the rest of the article; the original rating by the screening ra-
diologists will be referred to as reader 4. Readers 1, 2, and 3 indepen-
dently classified all nodules as solid, part-solid, or non-solid having
the full 3-dimensional thin section data set available, with display tools
such as scrolling, windowing, magnification, and maximum intensity

projections. In addition, they could indicate whether they considered a
finding not to be a nodule. The latter judgment led to the removal of
12 lesions of the subsequent data analysis because they were deemed
not to be nodules by all thoracic radiologists.

CAD Training Data Set
For the purpose of training the statistical classifier in the CAD

algorithm, a training data set is required with a single classification
per nodule. We decided to use the consensus opinion of 2 radiologists
on each nodule. Becausewe could not consult the screening radiologists
who were involved in the trial (reader 4), the opinions of the first 2 ex-
pert radiologists involved in this study as well as readers 1 and 2 were
used. The ratings of reader 3 were left untouched to have a completely
unseen data set for evaluation. Disagreements in classification between
reader 1 and reader 2 were resolved by consensus in a joint reading ses-
sion to construct the final training data set for the CAD algorithm. Ex-
amples of nodules for which the radiologists initially disagreed are
depicted in Figure 3.

Validation and Statistical Analysis
The performance of the CAD system to differentiate between

solid, part-solid, and non-solid nodules was assessed using 2 analyses.
First, we compared the rate of agreement between the human readers
and CAD with the rate of agreement seen among the human readers
using the Cohen κ statistics.15 Confidence intervals were estimated
using bootstrapping with 1000 iterations. Second, we assessed the per-
formance of CAD to classify the lesions into solid, part-solid, and
non-solid using the 2 independent readers, reader 3, and reader 4
as reference.

The CAD tool contains a statistical classifier used to predict
the nodule type of a lesion given the features obtained from the
segmentation-based lesion analysis. Sample lesions are needed to train
the classifier to recognize features that describe the 3 different nodule
types. Lesions that have been used in training and thus have been

FIGURE 2. Illustrations of 3 nodules with a heterogeneous internal structure. Each subimage displays a transverse field of view of 6 ! 6 cm. A clear solid
core is difficult to appreciate, but all 3 lesions were categorized as part-solid by expert radiologists.

FIGURE 3. Examples of nodules for which a consensus meeting was needed and which were erroneously classified by CAD. Each subimage displays a
transversal field of view of 6 ! 6 cm. The left 2 nodules are nodules classified as part-solid by the radiologists but classified as non-solid by CAD. The
right 2 nodules are nodules classified as non-solid by the radiologists but classified as part-solid by CAD.
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already exposed to the statistical classifier will subsequently be ana-
lyzed more precisely if analyzed again by the same classifier. Because
the scores of readers 1 and 2 are used for training, a positively biased
agreement between CAD and readers 1 and 2 would be found. To avoid
an impact of this lesion-specific training on the CAD performance and
decrease the risk for statistical overestimation, we used a leave-one-out
cross-validation approach in our evaluation experiment, meaning that,
for the classification of 1 particular lesion, the statistical classifier was
retrained using the remaining nodules and thus did not consider any in-
formation with respect to the nodule under evaluation.

RESULTS
Pairwise agreement between each of the 3 human readers and

CAD was moderate to good, with κ values between 0.54 and 0.72.
Pairwise agreement within the 4 human readers alone was comparable,
with κ values between 0.56 and 0.81. Table 1 lists all κ values.

Tables 2 and 3 show contingency tables for the performance of
CAD versus the independent readers: reader 3 and reader 4. If the scores
of reader 3 are used as reference, CAD correctly classified 98 of the 138
nodules (71%); 27 of the 40 disagreements (68%) referred to the differ-
entiation between part-solid and non-solid, and 1 disagreement referred
to the differentiation between solid and non-solid. The remaining dis-
agreements referred to the differentiation between solid and part-solid.
The nodule that CAD classified as non-solid, but for which reader 3
classified as solid, referred to a small 5-mm lesion in the lower right
lobe (Fig. 4). Examples of other nodules where CAD and reader 3
disagreed are also depicted in Figure 4. If the scores of reader 4 are used
as reference, CAD correctly classified 101 of the 138 nodules (73%);
24 of the 37 disagreements (65%) referred to the differentiation be-
tween part-solid and non-solid, and the remaining disagreements re-
ferred to the differentiation between solid and part-solid. The CAD
did not classify any solid nodule as non-solid nodule or vice versa.

These contingency tables show that the main difficulty is in dif-
ferentiating part-solid from non-solid lesions. The CAD classifies 16
nodules as part-solid, which are scored as non-solid by reader 4, but
in return, CAD classifies 19 nodules as non-solid, which are scored as

part-solid by reader 3. There is also disagreement in differentiating solid
and part-solid lesions but to a lesser extent than that in differentiating
part-solid and non-solid. These results show the difficulty of the nodule
classification task at hand for both human experts and CAD, particu-
larly differentiation between part-solid and non-solid lesions.

DISCUSSION
Nodule CT morphology has been advocated as an imaging bio-

marker for predicting the risk for harboring an invasive malignant tumor
component.16–19 The importance of nodule morphology for nodule
management is also reflected by the current recommendations of the
Fleischner Society for follow-up of intrapulmonary nodules.5 Lesion
size and lesion density as well as the presence and size of the solid com-
ponent in part-solid lesions determine nodule management with respect
to noninvasive follow-up or invasive diagnostic procedures. Visual hu-
man assessment of nodules is subject to interobserver variability even
among experts,8,9 and this is also shown by the results of our observer
experiment. In addition, if screening of large cohorts of high-risk sub-
jects will be implemented, an increasing automation of the image read-
ing and interpretation process may be the only option to keep costs
reasonably low. These aspects provide the rationale to develop an auto-
matic CAD tool for categorizing nodules into solid, part-solid, and non-
solid, following the morphologic criteria suggested by the Fleischner
Society. The presented CAD tool still requires a seed point; therefore,
human input is still needed at this point. It has to be noted that this
CAD tool closely follows established visual criteria for differentiating
a solid from a non-solid part. To overcome the difficulty of drawing a
line between solid and non-solid areas purely on the basis of density
thresholds, we incorporated additional features on the basis of local tex-
ture and histogram analysis, thus quantifying aspects of the lesion that
may be qualitatively appreciable by visual analysis but are certainly
not quantifiable by visual analysis alone.

In this study, we found a similar level of agreement between
CAD and the human readers compared with the agreement among the
human readers for classifying pulmonary nodules into solid, part-
solid, and non-solid (κ ranges, 0.54–0.72 and 0.56–0.81). These results

TABLE 1. Agreement Between Human Readers and Between CAD and Human Readers for Classifying Nodules into Solid, Part-Solid, or Non-solid

Agreement Between Human Readers Agreement Between CAD and Human Readers

Reader 1 vs reader 2 0.70 (0.59–0.80) CAD vs reader 1 0.61 (0.50–0.72)
Reader 1 vs reader 3 0.81 (0.71–0.90) CAD vs reader 2 0.72 (0.61–0.81)
Reader 1 vs reader 4 0.63 (0.52–0.74) CAD vs reader 3 0.54 (0.42–0.66)
Reader 2 vs reader 3 0.67 (0.56–0.76) CAD vs reader 4 0.60 (0.47–0.70)
Reader 2 vs reader 4 0.75 (0.64–0.84)
Reader 3 vs reader 4 0.56 (0.45–0.66)

The Cohen κ statistics with 95% confidence intervals are reported.
CAD indicates computer-aided diagnosis.

TABLE 2. Contingency Table for Reader 3 Versus CAD

CAD Reader 3 Non-solid Part-Solid Solid Total

Non-solid 16 8 0 24
Part-solid 19 46 6 71
Solid 1 6 36 43
Total 36 60 42 138

CAD indicates computer-aided diagnosis.

TABLE 3. Contingency Table for Reader 4 Versus CAD

CAD Reader 4 Non-solid Part-Solid Solid Total

Non-solid 28 16 0 44
Part-solid 8 36 5 49
Solid 0 8 37 45
Total 36 60 42 138

CAD indicates computer-aided diagnosis.
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are encouraging with respect to using CAD to reduce interobserver var-
iability among readers. Other studies involving CAD detection systems
have already shown that CAD can reduce variability between radiolo-
gists.20 Furthermore, these results could potentially pave the way for
efficient analysis of large data sets. Three of the 4 readers were experi-
enced chest radiologists, and the fourth one was involved in the screen-
ing trial and, as such, had gained special experience in the judgment of
nodular lesions. Although we could not test whether CAD can exceed
the performance of human readers because no ground truth on the nod-
ule type is available, the performance of CAD was found to be compa-
rable with expert opinions. Further studies are needed to compare the
CAD performance with more inexperienced readers and the impact of
a CAD tool on reader opinion when used as a secondary stand-by tool.

Our study suffers from a number of limitations. First, histopath-
ological information was not available for all lesions. Becausewe devel-
oped our CAD tool on the basis of visual criteria used to guide follow-
up management, we consider the lack of histopathology less relevant.
However, for further development of CAD with potential to overrule
human visual analysis, histopathological confirmation of training
data would be needed. Such studies are essential to solve remaining
discrepancies between CAD analysis and visual expert analysis and to
determine other quantifiable CT features that further increase the dis-
criminating power between invasive and noninvasive tumor compo-
nents. The work by Lee et al,21 which investigated the correlation
between the presence of a solid core and an invasive component on pa-
thology, and the work by Maldonado et al22 and Kawata et al,23 which
investigated the correlation between quantitative CT features and histo-
pathological characteristics, show the potential of CAD analysis in this
area. The work by Yanagawa et al showed that solid volume and per-
centage of solid volume were significant indicators of lower disease-
free survival. The CAD algorithm presented in this article also measures
these indicators; therefore, we investigated whether these measures are
significantly different between the 3 subgroups: solid, part-solid, and

non-solid. Unpaired 2-tailed t tests were performed, and aP value below
0.05 was considered significant. In Table 4, the results are reported.
The statistical tests showed that the solid percentage is significantly dif-
ferent between the 3 subgroups (P < 0.001, P < 0.001, and P < 0.001)
and that the solid volume was significantly different between the non-
solid and part-solid (P < 0.001) as well as between non-solid and solid
(P < 0.001). Solid volume is significantly different between solid and
non-solid as well as between part-solid and non-solid. Small solid vol-
umes were found for the non-solid nodules where you would expect no
solid component at all. This may be caused by noise or by the presence
of vascular structures. Although the segmentation algorithm is able to
exclude vasculature outside of the margin of the segmentation, it is
not able to remove vessels within the margins of the nodule. Therefore,
the algorithm is able to separate the solid core from vessels within the
non-solid part of the lesion, but it may have difficulties in removing ves-
sels from a pure non-solid lesion. Given the results of the statistical
tests, the measurements of this CAD algorithm could potentially be
used as a prognostic indicator of disease-free survival. This is, however,
beyond the scope of this article.

Second, we did not assess intraobserver variability, which is,
however, likely to be inferior to interobserver variability. Third, any
analysis of histogram features using CT data is influenced by the tech-
nique of CT acquisition and reconstruction; it remains open how CAD
would perform for CT data acquired differently and whether adapta-
tionswould be necessary to achieve comparable results. Fourth, the data
in this study were obtained from a single screening trial and only 2 cen-
ters. Further research is needed to validate the system in data from other
populations and acquired using different scanner protocols.

In conclusion, a novel automated classification tool for pulmo-
nary nodules has been developed and validated on a large data set of
screening detected lesions. The performance of CAD was found to be
equivalent with that of experienced chest radiologists. Further studies
are warranted to assess the value of CAD as a supportive tool to select

TABLE 4. Quantitative Measurements for the 3 Subgroups

Parameter Subgroup Solid Volume, mm3 Solid Percentage, %

Non-solid 29.4 (41.5)*,† 4.28 (6.41)‡,§
Part-solid 669 (1.66) ! 103 17.9 (16.1)‡
Solid 782 (1.69) ! 103 49.7 (16.2)§

Data are expressed as mean (SD).
Unpaired, 2-tailed t tests have been conducted to show statistical significance.
*Denotes statistical difference with the solid subgroup at P < 0.01.
†Denotes statistical difference with the part-solid subgroup at P < 0.01.
‡Denotes statistical difference with the solid subgroup at P < 0.001.
§Denotes statistical difference with the part-solid subgroup at P < 0.001.

FIGURE 4. Examples of nodules that were differently classified by reader 3 and CAD. Each subimage displays a transversal field of view of 6! 6 cm. Left,
Nodule classified as non-solid by CADbut as solid by reader 3.Middle left, Nodule classified as solid by CADbut as part-solid by reader 3.Middle right,
Nodule classified as part-solid by CAD but as non-solid by reader 3. Right, Nodule classified as non-solid by CAD but as part-solid by reader 3.
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the appropriate workup for pulmonary nodules and the role of auto-
matic nodule classification algorithms as part of risk models for
predicting malignancy of pulmonary nodules.
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