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Abstract
Objectives To evaluate the differences between filtered back
projection (FBP) and model-based iterative reconstruction
(MBIR) algorithms on semi-automatic measurements in
subsolid nodules (SSNs).
Methods Unenhanced CT scans of 73 SSNs obtained using
the same protocol and reconstructed with both FBP andMBIR
algorithms were evaluated by two radiologists. Diameter,
mean attenuation, mass and volume of whole nodules and
their solid components were measured. Intra- and interobserv-
er variability and differences between FBP and MBIR were
then evaluated using Bland–Altman method and Wilcoxon
tests.
Results Longest diameter, volume and mass of nodules and
those of their solid components were significantly higher
using MBIR (p < 0.05) with mean differences of 1.1% (limits
of agreement, −6.4 to 8.5%), 3.2% (−20.9 to 27.3%) and 2.9%

(−16.9 to 22.7%) and 3.2% (−20.5 to 27%), 6.3% (−51.9 to
64.6%), 6.6% (−50.1 to 63.3%), respectively. The limits of
agreement between FBP and MBIR were within the range of
intra- and interobserver variability for both algorithms with
respect to the diameter, volume and mass of nodules and their
solid components. There were no significant differences in
intra- or interobserver variability between FBP and MBIR
(p > 0.05).
Conclusion Semi-automatic measurements of SSNs signifi-
cantly differed between FBP and MBIR; however, the differ-
ences were within the range of measurement variability.
Key points
• Intra- and interobserver reproducibility of measurements did
not differ between FBP and MBIR.

• Differences in SSNs’ semi-automatic measurement induced
by reconstruction algorithms were not clinically significant.

• Semi-automatic measurement may be conducted regardless
of reconstruction algorithm.

• SSNs’ semi-automated classification agreement (pure vs.
part-solid) did not significantly differ between algorithms.

Keywords Lung neoplasms .Multidetector computed
tomography . Iterative reconstruction . Subsolid nodule .

Measurement variability

Introduction

According to the latest Fleischner Society guidelines on pul-
monary subsolid nodules (SSNs) [1], in cases in which surgi-
cal resection is not indicated, long-term CT follow-up is rec-
ommended. At present, although there is no consensus on the
maximal duration of follow-up, annual CT scans are typically
recommended for at least 3 years for lesions known to show
slow growth [2] such as pure ground-glass nodules (GGNs)
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and part-solid nodules with reported doubling times of 800 to
1832 days and 457 to 1229 days, respectively [3–5]. Indeed,
the growth of pure GGNs, which has been reported to occur in
10–25% of cases [5–9], can appear up to 3 years or longer
after the initial diagnosis [4, 8], and most of these growing
lesions are finally proven to correspond to primary lung can-
cer [6, 7].

Under these conditions, similar to what happens in lung
cancer screening, repeated follow-up CTs pose the problem
of radiation exposure and risk of radiation-induced cancer
[10]. This has led to the research and development of new
techniques that can decrease the delivered dose, among which
a tube current decrease coupled with iterative reconstruction
has been demonstrated to be a good option which can enable a
significant radiation dose reduction while maintaining an ac-
ceptable level of noise, thereby providing good diagnostic
quality [11]. Great progress has recently been made in this
regard concerning iterative reconstruction techniques and sev-
eral different algorithms are now currently available [12].
Among them, model-based iterative reconstruction (MBIR),
an innovative algorithm which takes into account X-ray beam
physics and noise, has thus far shown the best results, enabling
dose reductions of up to 80% compared to filtered back pro-
jection (FBP) thanks to very efficient noise reduction, with
only the drawback of extended processing time [13, 14].
Furthermore, aside from its dose reduction applications, ow-
ing to its noise reduction capability, MBIR has also shown
potential in improving classification (pure/part-solid) agree-
ment and measurement variability of SSNs, which are both
key factors in their current management guidelines [15].

The technique of semi-automatic segmentation, which has
been demonstrated to reduce variability and enable the detec-
tion of smaller interscan differences, has shown significant
benefits when applied to solid pulmonary nodules and thus
may also be a promising technique for SSNs [16]. A previous
study reported that there were no significant differences in
qualitative and quantitative manual measurements in SSNs
between FBP and MBIR [15]. However, to our knowledge,
no data is currently available regarding the comparison of
semi-automatic segmentation results between FBP and
MBIR. Indeed, different reconstruction algorithms can affect
the overall level of noise and structure margin’s sharpness,
which may in turn affect the boundaries of semi-automatic
segmentation.

Therefore, the purpose of the present study was to evaluate
the differences between FBP and MBIR algorithms on soft-
ware measurements in pulmonary SSNs.

Methods

This retrospective study was approved by the institutional
review board of Seoul National University Hospital with a

waiver of the requirement for patients’ informed consent
(IRB number 1508-077-695).

Population

We used a PACS search specifying the corresponding CT
protocol and found 84 patients in whom preoperative CT
scans for SSNs were reconstructed on a single CT system
(GE Discovery 750 scanner; GE Healthcare, Milwaukee,
WI) at our hospital between July 2014 and May 2015 and
performed a retrospective review. Out of the 84 patients, 11
patients were excluded on the following grounds: raw data not
available (n = 1), solid nodules (n = 7), masses (n = 2) and a
nodule surrounded by dependent opacities masking its mar-
gins (n = 1). Finally, 73 individuals were included in this study
and there were 30 male and 43 female patients with a mean
age of 61 years old (range 33–79 years).

CT scanning technique

The CT scanning protocol consisted of a unenhanced scan
with the following parameters: tube voltage, 120 kV; tube
current–time product was determined automatically with a
noise index of 70.44; reconstruction slice thickness,
0.625 mm; FOV 350 mm; and matrix 512 × 512 (mean voxel
size 0.7 mm). The CT raw data was then reconstructed using
both FBP and MBIR (VEO; GE Healthcare, Milwaukee, WI)
algorithms. FBP images were reconstructed using a lung ker-
nel and no reconstruction kernels were applied to MBIR im-
ages as it is not currently possible.

Mean DLP, CTDIvol and SSDE for the included patients
were 89.7 mGy cm (range 36.3–192.4 mGy cm), 2.4 mGy
(range 0.87–5.2 mGy) and 3.4 mGy (range 1.5–7 mGy),
respectively.

Image analysis

Each nodule was segmented using Veolity software (version
1.1, MeVis Medical Solutions, Bremen, Germany) by two ra-
diologists with 4 years (J.C.) and 5 years of experience (H.K.).
This software was previously documented for SSNs and has
been proven to accurately segment ground-glass and solid com-
ponents at least as well as expert radiologists [17]. After
targeting the desired nodule, the software automatically pro-
posed the segmentation of ground-glass and solid components,
and allowed further adjustments to be made if needed, includ-
ing modifying lower attenuation thresholds for solid and
ground-glass components, placement of seed points, and lesion
roundness. In this study, thresholds of −750 HU and −350 HU
representing ground-glass and solid components, respectively,
were used by default as they proved to be the closest to actual
pathology measures [18]. However, further adjustments of
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those thresholds were allowed when the segmentation pro-
posed by the software was judged to be inadequate.

Blinding of the observers to the reconstruction algorithm
was not done as differences between FBP and MBIR can be
readily identified owing to the specific image features of
MBIR [11, 19].

Segmentation accuracy

Similar to a previous study dealing with solid nodule segmen-
tation [20], the segmentation accuracy for each nodule was
evaluated by the two radiologists who processed the nodules
in the software using the following visual scale: (1) excellent
segmentation of both ground-glass and solid components; (2)
good segmentation in which the proportion of correct segmen-
tationwas 80% or greater for both components with no vessels
incorrectly segmented as a solid component; (3) insufficient
segmentation in which the proportion was less than 80% for
either the component or with a vessel incorrectly segmented as
a solid component; and (4) failure in which a nodule could not
be segmented. Segmentation scores were then further classi-
fied into two groups: adequate segmentation for nodules grad-
ed 1 or 2 by both observers and for both reconstruction algo-
rithms or inadequate segmentation corresponding to nodules
graded 3 or 4 by at least one of the two observers on at least
one of the reconstruction algorithms.

When segmentation was inadequate, observers were
allowed to retry segmentation using manual adjustments of
seed points and/or roundness parameters and/or lower attenu-
ation thresholds for either ground-glass or solid components.
In addition, readers were allowed to manually specify the
status of the nodule (pure/part-solid) in the software, in cases
in which they did not agree with the nodule type designated by
the software.

Statistical analysis

All parameters turned out to have a non-normal distribution
pattern according to the Shapiro–Wilks test; therefore, me-
dians and non-parametric tests were used for the following
analysis.

In order to evaluate intra- and interobserver variability, we
used Bland–Altman’s [21] absolute and relative differences
coupled with Wilcoxon’s signed rank tests. Relative differ-
ences were calculated using the following formula, where
V1 and V2 are values of the parameter of interest on the two
compared CTs:

Relative Difference %ð Þ ¼ V2−V1
0:5* V1þ V2ð Þj j *100

Limits of agreement for both absolute and relative differ-
ences were defined as the 95% CIs of those differences.

In order to compare the semi-automatic measurements be-
tween FBP and MBIR, mean values of the two observers’
measurements for each parameter were compared between
algorithms using the same combination of tests as mentioned
above.

Cohen’s Kappa was used to evaluate the agreement
concerning nodule type (pure versus part-solid). Comparison
of inter-reader Kappas and comparison of the number of man-
ual modifications between the two algorithms were done by
bootstrapping the corresponding data to n = 1000 before ap-
plying two sample t tests.

R software version 3.1.2 (The R Foundation for Statistical
Computing, Vienna, Austria) was used for all calculations. An
alpha of 5% was chosen for all tests.

Results

Segmentation adequacy

Among the 73 included nodules in 73 patients, 66 nodules
(90%) in 66 patients were adequately segmented using both
reconstruction algorithms and therefore were included in the
final analysis. Adequate segmentation numbers were 66 and
68 for FBP and MBIR, respectively (Fig. 1). Manual modifi-
cations were respectively required in 27 and 43 cases for FBP
for observers 1 and 2 (median 35), and in 21 and 39 cases for
MBIR for observers 1 and 2 (median 30). The difference in the
number of manual modifications between FBP and MBIR
was not significant (p = 0.58). All seven of the inadequate
segmentations were graded as Binsufficient segmentations^
(grade 3) for the following reasons: inclusion of a vessel in
segmentation (n = 2), inclusion of a significant part of the
chest wall (n = 2), inaccurate segmentation of the ground-
glass component (n = 1), a combination of those reasons
(n = 2), inaccurate ground-glass segmentation and chest wall
inclusion (n = 1) and inaccurate ground-glass segmentation
and inclusion of a solid component (n = 1).

CTand pathology findings

The median diameter of the 66 adequately segmented nodules
was 14.3 mm (interquartile ratio [IQR] = 7.3 mm) and the me-
dian solid component diameter was 5.6 mm (IQR= 5.9 mm).
Twenty-eight nodules (42%) were found in the right lower lobe,
4 (6%) in the right middle lobe, 12 (18%) in the right lower lobe,
14 (21%) in the left upper lobe and 8 (12%) in the left lower lobe.

Sixty-two out of these 66 nodules were surgically resected
(31 lobectomy, 12 segmentectomy, 19 wedge resections) in-
cluding 42 invasive pulmonary adenocarcinomas (IPA), 16
minimally invasive adenocarcinomas (MIA), 2 adenocarci-
nomas in situ (AIS), 1 capillary hemangioma and 1 non-
caseating granuloma, pathologically.
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Intra-observer variability

Data concerning the results of intraobserver variability is sum-
marized in Table 1. In short, there were no significant differ-
ences concerning intraobserver variability for all of the tested
parameters (p > 0.05), except for the mass of the solid compo-
nent, which had a significantly lower variability with MBIR
(p < 0.05). Variability was high for the size of the solid com-
ponent with a maximum variation interval of 113% for FBP
and 107% for MBIR and was very high for mass and volume
of the solid component for both algorithms with maximum
variation intervals of 174% and 172% for FBP and 163%
and 160% for MBIR, respectively.

Concerning nodule type classification (no solid compo-
nent, solid component smaller or larger than 5 mm),
intraobserver reproducibility was very high for both algo-
rithms, with Kappas of 0.83 and 0.94 for FBP and MBIR,
respectively. Agreement was significantly higher when using
the MBIR algorithm (p = 0.04).

Inter-observer variability

There were no significant differences concerning interobserv-
er variability between FBP and MBIR (p > 0.05). Similar to
intraobserver variability, high and very high variations were

found for largest diameter and mass and volume of the solid
component, respectively (Table 2).

As for nodule type (no solid component, solid component
smaller or larger than 5 mm), interobserver reproducibility
was substantial for both algorithms, with Kappas of 0.66 and
0.77 for FBP andMBIR, respectively. The difference of agree-
ment for nodule type between algorithms was not statistically
significant (p = 0.22).

Comparison of measurements between FBP and MBIR

Median values of the two observers and mean differences
between FBP and MBIR are summarized in Table 3. Bland–
Altman curves for relative differences are provided in Fig. 2.
There was a significant difference between both algorithms
(p < 0.05) for all tested parameters except for attenuation of
the whole nodule of the solid component. Longest diameter,
volume and mass of the whole nodule and solid component
were significantly higher using MBIR (p < 0.05).

Discussion

Our study demonstrated that all semi-automatic measurements
of SSNs were significantly higher on MBIR compared to FBP

Fig. 1 FBP (a, b) and MBIR (c,
d) reconstructions of a non-
enhanced CT scan in the lung
window setting show a part-solid
ground-glass nodule that turned
out to be a lepidic predominant
invasive adenocarcinoma.
Orange boundaries on b and d
indicate borders of the whole
nodule while yellow boundaries
indicate borders of the solid
component. Largest diameter,
volume, mass and attenuation of
the whole nodule were increased
with the MBIR algorithm
(16.6 mm, 2464.8 mm3,
1139.9 mg) compared to the FBP
algorithm (15.5 mm,
1949.6 mm3, 964 mg)
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except for the attenuation of whole nodules and of the solid
component (p < 0.05). There is no clear explanation for the
observed increase of 2D and 3D measurements using MBIR;
however, we believe that it may be largely linked to the higher
contrast-to-noise ratio of MBIR images, which would change
the attenuation difference between segmented nodules and ad-
jacent lung parenchyma, thereby affecting segmentation
boundaries. Until now, little data has been available concerning
quantitative measurement differences betweenMBIR and FBP.

Previous phantom studies have shown differing results
concerning semi-automatic volumetry accuracy with Kim
et al. [15] reporting no significant difference in the accuracy
of volumetry of simulated solid and SSNs, while Chen et al.
[22] reported a significant differencewhen using thin-slice CTs.
However, these two studies used different software packages
for semi-automatic segmentation, thereby limiting comparabil-
ity. Concerning in vivo measurements, in a study by Kim et al.
[15], which compared manual measurements of ground-glass

Table 1 Comparison of intraobserver variability between FBP and MBIR algorithms

Measurement FBP MBIR

Absolute difference Relative difference (%) Absolute difference Relative difference p value*

Longest diameter, whole nodule −0.1 mm
[−1.95; 1.74]

−0.59%
[−10.6; 9.4]

−0.02 mm
[−2.15; 2.12]

0.03%
[−12.4; 12.4]

0.41

Longest diameter, solid component 0.1 mm
[−1.55; 1.74]

−0.17%
[−56.6; 56.3]

−0.14 mm
[−1.58; 1.31]

−4.12%
[−57.4; 49.2]

0.08

Volume, whole nodule −32.5 mm3

[−1199.8; 1134.8]
1.23%
[−40.1; 42.6]

9.5 mm3

[−1204.1; 1222.9]
0.28%
[−35.6; 36.2]

0.16

Volume, solid component 11.1 mm3

[−150.3; 172.5]
4.74%
[−81.3; 90.8]

−6.6 mm3

[−108.5; 95.2]
−5.9%
[−85.8; 74]

0.07

Mass, whole nodule −28.6 mg
[−438; 380.9]

−3.5%
[−32.1; 25.1]

6.1 mg
[−387.4; 399.6]

1.3%
[−30.7; 33.3]

0.84

Mass, solid component 7.2 mg
[−125.5; 139.9]

3.3%
[−83.6; 90.1]

−5 mg
[−95.9; 86]

−5.6%
[−87; 75.9]

0.04

Attenuation, whole nodule 1.6 HU
[−54.8; 58.1]

0.34%
[−10.2; 10.8]

−0.28 HU
[−54.4; 53.8]

−0.01%
[−9.6; 9.6]

0.43

Attenuation, solid component 1.7 HU
[−41.4; 44.8]

0.49%
[−18.5; 19.4]

−0.17 HU
[−39; 38.7]

−0.02%
[−16.9; 16.9]

0.85

Data is presented as mean difference [95% confidence interval]. Measurements are spaced by a 2.5-week interval

*Wilcoxon signed rank test

Table 2 Interobserver variability between the two observers for FBP and MBIR algorithms

Measurement FBP MBIR p value*

Absolute difference Relative difference Absolute difference Relative difference

Longest diameter, whole nodule 0.48 mm
[−1.55; 2.51]

3.28%
[−11.2; 17.8]

0.24 mm
[−1.73; 2.21]

2%
[−13.2; 17.2]

0.13

Longest diameter, solid component 0.01 mm
[−2.72; 2.74]

6.4%
[−104.3; 117.1]

−0.31 mm
[−3.31; 2.69]

−3%
[−97; 90.9]

0.08

Volume, whole nodule 199.8 mm3

[−683.4; 1083]
9.6%
[−32.6; 51.7]

92.6 mm3

[−840; 1025.2]
5.5%
[−36.3; 47.3]

0.13

Volume, solid component −4.9 mm3

[−186.3; 176.5]
1.6%
[−126.2; 129.4]

−21.4 mm3

[−167.4; 124.5]
−12.7%
[−142.2; 116.8]

0.11

Mass, whole nodule 53.9 mg
[−220.2; 327.9]

6.2%
[−23.3; 35.8]

22.6 mg
[−240.5; 285.6]

4.6%
[−29.1; 38.4]

0.09

Mass, solid component −4.3 mg
[−146.5; 137.9]

1.2%
[−126.7; 129.1]

−16.4 mg
[−132; 99.3]

−12.6%
[−143; 117.8]

0.09

Attenuation, whole nodule −15 HU
[−79.5; 49.5]

−2.6%
[−13.7; 8.5]

−7.7 HU
[−66.6; 51.2]

−1.1%
[−10.6; 8.4]

0.06

Attenuation, solid component −2.7 HU
[−45.3; 39.8]

−1.8%
[−25.3; 21.6]

−4 HU
[−52.3; 44.4]

−1.3%
[−20.8; 18.1]

0.93

Data is presented as mean difference [95% confidence interval]

*Wilcoxon signed rank test
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and solid components in SSNs using FBP and MBIR algo-
rithms, one observer found slightly larger ground-glass and
solid component diameters on MBIR similar to the current
study. However, those differences between MBIR and FBP in
our study should be tempered by the fact they are all of lower
magnitude than the intra- and interobserver variability for each
algorithm demonstrated in our study, and are also smaller com-
pared to the voxel size (whole nodule size, 0.17 mm [−0.98;
1.3] versus mean voxel size, 0.7 mm). Therefore, given these
facts, and in spite of the reported statistical differences, we
believe that the use of MBIR does not affect semi-automatic
measurements of SSNs substantially, and thus semi-automatic
measurements can be applied to the clinical evaluation of SSNs
regardless of whether FBP or MBIR is used. Ideally, the
follow-ups of SSNs should preferably be performed with the
same CT reconstruction algorithm by the same reader.
However in reality, follow-ups have often been performed with
CT images reconstructed with different reconstruction algo-
rithms and often reviewed by different readers. In this context,
this kind of semi-automatic segmentationmay have potential to
allow more reproducible and consistent evaluation of SSNs.
Interestingly, the attenuation values of both whole nodules
and solid components were not significantly different between
FBP and MBIR in our study (p > 0.05), which is in line with a
previous study which also showed no significant difference in
attenuation measurements between FBP and either ASIR or
MBIR [11].

We also found in our study that there were no significant
differences in inter- or intraobserver variability between semi-
automatic measurements obtained using FBP and MBIR, ex-
cept for the mass of the solid component which showed slight-
ly lower intraobserver variability on MBIR (p < 0.05). This

result is different from that of a previous study by Kim et al.
[15] which found significantly lower inter-reader differences
in whole nodule and solid component sizes using MBIR.
However, in Kim et al.’s study, they evaluated manual mea-
surements, which are known to have higher interobserver var-
iability than semi-automatic measurements for lung nodules
[16]. Indeed, the reported variabilities in Kim’s study for the
diameter of whole nodules were −5 to +2.1 mm for FBP and
−3.3 to +1.8 mm for MBIR versus −1.55 to +2.5 mm and
−1.73 to +2.2 mm in our study. The same trend was observed
for solid component size for which Kim et al. reported vari-
abilities of −6.5 to +0.9 mm for FBP and −5.5 to +1.5 for
MBIR versus −2.71 to +2.74 mm and −3.3 to +2.7 mm using
software for the corresponding algorithms in our study.
Therefore, it is likely that the use of semi-automatic segmen-
tation can lower the gap in interobserver variability between
FBP and MBIR compared to manual measurements.

As for the interobserver agreement on the type of nodule
(pure, part-solid with a solid component smaller than 5 mm,
larger than 5 mm), which is critical in the current management
decision tree for SSNs [1], semi-automatic segmentation of
both components enabled substantial agreement for both
FBP and MBIR algorithms with Kappas of 0.63 and 0.74
for FBP and MBIR, respectively, with no significant differ-
ences between algorithms.While roughly in the same range as
Kappas of 0.541–0.662 on FBP and 0.778–0.866 on MBIR
reported in a previous article using manual assessment of nod-
ule type [15], those agreements are higher compared to those
reported by van Riel et al. (0.51 on 160 nodules) [23] and by
Penn et al (0.56 on 44 nodules) [24]. In regards to
intraobserver reproducibility, semi-automatic segmentation
enabled nearly perfect agreements reaching 0.83 and 0.94

Table 3 Measurement differences between FBP and MBIR algorithms

Measurement FBPa MBIRa Absolute differenceb Relative differenceb p value*

Longest diameter, whole nodule 14.3 mm
[11.6; 19]

14.5 mm
[11.6; 18.7]

0.17 mm
[−0.98; 1.3]

1.1%
[−6.4;8.5]

0.009

Longest diameter, solid component 5.6 mm
[3.6; 9.5]

5.7 mm
[4; 9.4]

0.15 mm
[−0.78; 1.1]

3.2%
[−20.5;27]

0.01

Volume, whole nodule 1527.5 mm3

[817.8; 3565.1]
1570 mm3

[823.6; 3383.9]
85.5 mm3

[−496.2; 667.1]
3.2%
[−20.9; 27.3]

0.02

Volume, solid component 92.4 mm3

[42.8; 436.1]
103.4 mm3

[44.3; 438.3]
16.7 mm3

[−94.7; 128]
6.3%
[−51.9;64.6]

0.002

Mass, whole nodule 704.9 mg
[356; 1653.4]

679.6 mg
[353.2; 1674.1]

25.3 mg
[−129.1; 179.7]

2.9%
[−16.9; 22.7]

0.02

Mass, solid component 70.2 mg
[31.4; 372.6]

322.6 mg
[34.9; 369.4]

13.8
[−75.3; 102.9]

6.6%
[−50.1; 63.3]

0.002

Attenuation, whole nodule −540.4 HU
[−596.1; −486.8]

−541.3 HU
[−597.2; −485.9]

−5 HU
[−44.6; 34.5]

−0.9%
[−8.5; 6.6]

0.08

Attenuation, solid component −196.7 HU
[−228.5; −168.3]

−205.6 HU
[−230.2; −159.8]

−3.2 HU
[−48.4; 41.9]

−1.4%
[−21.8; 19]

0.83

a Data is presented as median [Q1; Q3]
bData is presented as mean differences (95% CI)

*Wilcoxon signed rank test
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Fig. 2 Bland–Altman relative
difference plots comparing FBP
and MBIR measurements for
whole nodules (a) and their solid
components (b). Mean relative
differences between the two
reconstruction algorithms and
their limits of agreement
regarding longest diameter,
volume, mass and attenuation of
whole nodules (a) were 1.1%
(limits of agreement, −6.4 to
8.5%), 3.2% (−20.5 to 27%),
3.2% (−20.9 to 27.3%), 2.9%
(−16.9 to 22.7%) and −0.9%
(−8.5 to 6.6%). Mean relative
differences between the two
reconstruction algorithms and
their limits of agreement
regarding longest diameter,
volume, mass and attenuation of
whole nodules (b) were 3.2%
(−20.5 to 27%), 6.3% (−51.9 to
64.6%), 6.6% (−50.1 to 63.3%)
and −1.4% (−21.8 to 19%)
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for the FBP and MBIR algorithms, respectively, in our study,
with significantly higher agreement using MBIR (p < 0.05).
These agreements are in the same range as those reported by
Kim et al. [15] but significantly higher than the agreement of
0.57 reported by van Riel et al. on 160 nodules [23]. While
these differences with previous studies may be due to different
populations and/or different reader experiences, it appears that
semi-automatic segmentation may help reduce observer vari-
ability on nodule classification. As the variability of manual
classification of nodules is known to be mostly linked to the
assessment of the solid component and its size [23, 24], this
higher agreement using software owing to the semi-automatic
segmentation of the solid component can help reduce varia-
tions between observers, ultimately allowing more precision
in measurement.

Our study has several limitations. First, our observers were
not blinded to the reconstruction algorithm used for each im-
age, which may have induced bias. However, in actual clinical
practice, experienced radiologists would also easily differen-
tiate FBP and MBIR images given the obvious contrast-to-
noise ratio difference and unique blotchy aspects of MBIR-
reconstructed images [19]. Second, one may note that there
was a slight difference concerning kernels, i.e. FBP was re-
constructed with lung/bone kernels whereas kernels cannot be
applied to MBIR as it is not possible. Currently, CT construc-
tors are planning sharpening options adapted to MBIR; how-
ever, they are not available at this time. Third, segmentations
were judged to be inadequate in 7/73 nodules (10%) according
to our criteria and therefore were not included in the analysis.
This may constitute a selection bias, but it is well known that
semi-automatic segmentation often has cases of failures, re-
ported to vary from 2 to 29% after adjustments in solid nod-
ules, for which segmentation is easier in theory [20]. Fourth,
observers were allowed to make manual modifications to the
segmentation proposed by the software. However, although
manual adjustments may indeed result in higher intra- and
interobserver variability, they are currently necessary because
SSNs display a wide range of different morphologic features
with variations in attenuation and border roundness that can-
not be accounted for by software alone. Thus, allowance of
manual adjustments contributes to better flexibility in segmen-
tation, thereby increasing the number of nodules in which
segmentation is possible. Finally, the shortcomings of the
MBIR algorithm itself should be restated. The MBIR algo-
rithm produces images that are significantly different from
FBP because it is a pure iterative reconstruction algorithm.
These differences may bother radiologists at first, but until
now, it has not shown any significant differences in diagnostic
confidence, even for qualitative morphologic aspects of lung
nodules [11]. In addition, MBIR still requires a long recon-
struction time of 45 min to 1 h on average, limiting its use in
clinical practice [15]. However, this problem will likely be
fixed shortly given the rapid increase in computer processing

power over time. Last but not least, only one software pack-
age, one type of CT scanner and one type of iterative recon-
struction algorithm were used in this study, and therefore gen-
eralization to other segmentation software, CT scanners and
iterative reconstruction algorithms may be limited.

In conclusion, semi-automatic measurements of SSNs sig-
nificantly differed between FBP and MBIR. However, the
differences were within the range of measurement variability.
Therefore, semi-automatic measurements may be applied to
the clinical evaluation of SSNs regardless of whether FBP or
MBIR is used.
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