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of lung nodules on computed tomography scans
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Abstract
Objectives To compare unassisted and CAD-assisted detection and time efficiency of radiologists in reporting lung nodules on
CT scans taken from patients with extra-thoracic malignancies using a Cloud-based system.
Materials and methods Three radiologists searched for pulmonary nodules in patients with extra-thoracic malignancy who
underwent CT (slice thickness/spacing 2 mm/1.7 mm) between September 2015 and March 2016. All nodules detected by unas-
sisted reading were measured and coordinates were uploaded on a cloud-based system. CADmarks were then reviewed by the same
readers using the cloud-based interface. To establish the reference standard all nodules ≥ 3 mm detected by at least one radiologist
were validated by two additional experienced radiologists in consensus. Reader detection rate and reporting time with and without
CAD were compared. The study was approved by the local ethics committee. All patients signed written informed consent.
Results The series included 225 patients (age range 21–90 years, mean 62 years), including 75 patients having at least one nodule,
for a total of 215 nodules. Stand-alone CAD sensitivity for lesions ≥ 3mmwas 85% (183/215, 95%CI: 82–91); mean false-positive
rate per scan was 3.8. Sensitivity across readers in detecting lesions ≥ 3 mmwas statistically higher using CAD: 65% (95% CI: 61–
69) versus 88% (95% CI: 86–91, p<0.01). Reading time increased by 11% using CAD (296 s vs. 329 s; p<0.05).
Conclusion In patients with extra-thoracic malignancies, CAD-assisted reading improves detection of ≥ 3-mm lung nodules on
CT, slightly increasing reading time.
Key Points
• CAD-assisted reading improves the detection of lung nodules compared with unassisted reading on CT scans of patients with
primary extra-thoracic tumour, slightly increasing reading time.

• Cloud-based CAD systems may represent a cost-effective solution since CAD results can be reviewed while a separated cloud
back-end is taking care of computations.

• Early identification of lung nodules by CAD-assisted interpretation of CTscans in patients with extra-thoracic primary tumours
is of paramount importance as it could anticipate surgery and extend patient life expectancy.
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Introduction

The lung is the second most common site of metastases from
extra-thoracic malignancies after the liver [1]. Approximately
1/3 of patients with extra-thoracic cancer will develop lung
metastases during the disease course [2]. Patients with lung
metastases detected early after their onset have a higher
chance of radical treatment [3]. Pulmonary metastasectomy
is feasible in patients with five or fewer metastases, who retain
a good pulmonary function if their primary tumour is con-
trolled [4]. Five-year survival rates in patients undergoing sur-
gery for lung metastases range from 30% to 62% [3, 5, 6].
Computed tomography (CT) is the state of the art modality for
the detection of pulmonary metastases. Unfortunately, the CT
detection rate of lung metastases for single and double reading
is only 50% and 63%, respectively [7], and patients present
with approximately one-third more lung nodules during tho-
racotomy [8]. The small dimension of most lung nodules,
location proximal to large vessels and the large number of
CT slices to be reviewed have been suggested as possible
causes of radiologist misses [9].

Computer-aided detection (CAD) algorithms have
been developed to support radiologists in the detection
of pulmonary nodules [10–15]. CAD is usually adopted
as a second reader, after radiologists have reviewed CT
scans unassisted [13]. Retrospective studies have shown
that CAD improves the detection of lung nodules in
individuals undergoing low-dose CT for lung screening
from 78.1% to 96.7% [14]. In the same context, CAD
increased inter-observer agreement from 77% to 84%
[15]. However, to our knowledge, the performance of
CAD in the detection of lung metastasis is largely un-
known since data are available from only one small
retrospective study [16].

Despite the benefits in terms of overall detection per-
formance, CAD systems have not been adopted extensive-
ly into clinical practice because of several drawbacks: the
high fixed cost of software licenses, the need for a dedi-
cated hardware and their rapid obsolescence [17].
Furthermore, the computational needs of CAD algorithms,
depending on their complexity, often required powerful
and expensive hardware [17].

For the above-mentioned reasons, CAD systems do not
represent a cost-effective and time-efficient solution for most
clinical facilities.

The ‘Software-As-Service’ approach, based on Cloud
Computing resources accessible via secure Web proto-
cols, makes CAD functionality available to users with-
out requiring any dedicated hardware installation at the
local facility [17, 18].

The main aim of this study was to compare unassist-
ed and CAD-assisted detection and time efficiency of
radiologists in reporting lung nodules on CT scans taken
from patients with extra-thoracic malignancies using a
Cloud-based system.

Materials and methods

Study design and patient population

Patients with an extra-thoracic primary tumour who con-
secutively underwent CT either for staging, restaging or
follow-up of extra-thoracic malignancies at our Institute
between September 2015 and March 2016 were enrolled
in this retrospective observational single-centre study.
Subjects with severe pulmonary fibrosis, diffuse bron-
chiectasis, extensive inflammatory consolidation and
massive pleural effusion were excluded from the study
as these conditions may mimic or hide lung nodules.
Patients with more than ten nodules were also excluded
from the study. While this is an arbitrary choice, in our
opinion the inclusion of patients with a large number of
nodules, occasionally in the hundreds, is unfeasible be-
cause of the long reporting times and the tediousness of
the reporting process. Exclusion of patients with a high
number of findings is a common procedure in CAD
validation studies [19].

Approval by the local ethics committee was obtained prior
to the beginning of the study and all patients signed written
informed consent.

Computed tomography

CT scans were performed on a 128-detector row CT scanner
(Somatom Definition Flash, Siemens Healthineers, Erlangen,
Germany) according to the clinical practice of our institute.
209 chest and abdominal examinations were conducted using
intravenous injection of iodinated contrast medium; the re-
maining 28 chest CT scans were performed without contrast
administration. The following scanning protocol was adopted
for contrast-enhanced CT: tube voltage, 140 kV; effective tube
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current, 139/180 mAs with CARE dose; pitch, 0.9; detector
configuration, 64.0×0.6 mm; iterative reconstruction algo-
rithm SAFIRE strength 3. Conversely, unenhanced CT was
performed as follows: tube voltage, 100 kV; effective tube
current, 130 mAs with CARE dose; pitch, 1.2; detector con-
figuration, 32.0×1.2 mm; iterative reconstruction algorithm
SAFIRE strength 2. All images were reconstructed at 2 mm/
1.7 mm using a kernel B70f filter, stored on the hospital PACS
(Telemis), anonymised and then uploaded through the CAD
WEB front-end (M5L lung CAD on-demand, INFN).

Study interpretation

The Cloud-based research prototype system used for this
study (M5L lung CAD on-demand), the algorithms, their per-
formances and the infrastructure have been described and val-
idated in detail elsewhere [17, 18, 20]. Previously reported
stand-alone sensitivity of the M5L lung CAD for lesions ≥ 3
mmwas 80% with an average of four false-positive (FP) find-
ings per scan [17]. Two experienced radiologists (reader 1=
DR, reader 2= DC, 35 and 20 years of experience, respective-
ly) and one resident radiologist (reader 3= LV, 3 years of
experience) aware that patients had extra-thoracic malignan-
cies, but blinded to disease prevalence, reported all CT exam-
inations. Readers reported using CAD as the second reader as
follows: First, the list of anonymised CT examinations was
interpreted by each of the three radiologists unassisted using
the hospital PACS. Exams were reviewed using maximum
intensity projection (MIP) volume-rendering technique with
a slice thickness of 5 mm [21]. Readers measured the longest
diameter of each nodule using a lung window on the plane
where the lesion was more conspicuous, provided nodule co-
ordinates on the three planes (x, y, z) and described nodule
structure (calcified, solid, part-solid and sub-solid) according
to Fleischner Society’s glossary of terms for thoracic imaging
[22]. All information was stored on an on-line web-form and
no additional change was allowed after validation.

Once unassisted reading was completed, CAD findings
became accessible through a dedicated web-form (Fig. 1).
CAD marks were automatically compared with those of un-
assisted reading. The software was programmed so that the
unassisted and CAD-assisted findings were matched if the
Euclidean distance between the 3D centres of the findings
was smaller than or equal to the nodule diameter. Through
the web-form, the radiologist could then classify unmatched
findings as: FPs when prompts were not nodules, true-
positives (TPs) if nodules were ≥ 3mm or irrelevant (IRR) if
lesions were < 3 mm [19]. TPs were automatically added to
the original unassisted report and the final findings were
stored in a database while FPs and IRR findings were ignored.
Average exam processing time was 19 min, and up to 14 cases
could be processed in parallel [17, 18].

Reference standard

Two additional radiologists (GC, AM) not involved in the
reading process and with more than 15 years of experience
in reporting thoracic CT, used a plug-in specifically developed
for the Osirix viewer [23] to review all the nodules ≥ 3 mm,
annotated by at least one of the three aforementioned radiolo-
gists and/or by the CAD, stored in the database. The panel
members in consensus reached a final decision and assessed
whether each finding was a nodule (TP finding) or not (FP or
IRR finding). In equivocal cases prior or follow-up CT exam-
inations could be reviewed to support the reconciliation pro-
cess. In order to classify the lesions according to their spatial
location, the two additional radiologists classified lesions that
abut a first-degree bronchus or blood vessel as central, lesions
distant up to 2 cm from chest wall as peripheral and the re-
maining TP findings as intermediate [24]. Nodules were also
classified according to their longest diameter in small (3–5
mm), intermediate (6–9 mm) and large (≥10 mm). Patients
with no TP findings were classified as negative.

Reading time

Reading time was assessed as follows. First, an operator not
involved in the reading process (A.T.) recorded the time of
unassisted reporting for each reader. During unassisted
reporting the reader was allowed to search freely for lesions
on the institutional PACS system. Lesion coordinates were
recorded as described earlier. Once unassisted reading was
completed, CAD findings became accessible through a dedi-
catedweb-form and the additional time required for the review
of CAD marks was also recorded.

Statistical analysis

The primary endpoint of the study was to compare the per-
lesion detection rate of the CAD second reader paradigm with
that of unassisted reading. Detection rate was defined as the
ratio between the sum of TP findings of unassisted reading
and of the CAD second reader paradigm, respectively, over
the total number of TP lesions at the reference standard.
Findings were stratified according to reader, size, location
and nodule structure. Additional secondary endpoints were
to compare per patient sensitivity, specificity and reading time
of CAD second reader paradigm with that of unassisted read-
ing. Per-patient sensitivity was defined as the ratio between
the number of patients with at least one TP nodule at unassist-
ed reading and at CAD second reader, respectively, over the
total number of patients with at least one positive finding. Per-
patient specificity was defined as the ratio between the number
of TN patients at unassisted and CAD second reader, respec-
tively, over the total number of negative patients.
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Per-patient and per-lesion detection rates of unassisted and
CAD second reader paradigm were compared using
McNemar’s test. All statistical tests were 2-sided and statisti-
cal significance was set at p ≤0.05. All confidence intervals
(CIs) were reported at the 95% level using Microsoft Excel
(Microsoft, Redmond,WA, USA, version 2016) andMedCalc
(MedCalc Software, Ostend, Belgium, version 17.6).
Bonferroni correction was applied as required for multi-
observer studies. Confidence intervals and hypothesis testing
was corrected as prescribed by Bonferroni, choosing signifi-
cance at a threshold p-value < 0.05. The p-value was then
divided by the number of observers (n=3) to obtain the final
threshold for significance. Differences in sensitivity and spec-
ificity between readers with and without CAD were assessed
using the ‘N-1’ chi-squared test [25, 26].

Results

The flowchart in Fig. 2 details the selection process for the
study. The number of patients included into the study was 225,
of whom 115 were men (mean age 60 years, range 21–90
years). At least one nodule was detected in 75 patients.

The most common primary tumours were: colorectal car-
cinoma (54/225, 24%), extra-thoracic sarcoma (25/225, 11%),
melanoma (22/225, 10%) and breast cancer (21/225, 9%);
other less common tumours combined accounted for the re-
maining 46% of cases (103/225). A total of 215 lung nodules
with a diameter between 3 and 28 mm (median 8.5 mm) were
identified at the reference standard. Seventy-seven percent
(166/215) of nodules were small size, followed by intermedi-
ate (19%, 40/215) and large (4%, 9/215). Nodules were locat-
ed at the periphery of the lungs in 62% of cases (133/215),
while in 11% (23/215) they were positioned centrally. Most
nodules were solid (67%, 143/215). Part-solid, sub-solid and
calcified nodules accounted for 15% (33/215), 12% (25/215)
and 6% (14/215) of lesions.

Stand-alone CAD performance

CAD stand-alone performances are summarized in Table 1.
Overall per-lesion CAD sensitivity was 85% (183/215, 95%
CI: 82–91). No significant sensitivity differences were ob-
served comparing lesions of different sizes, location and
structure. Of the 32 nodules missed by CAD, four (13%)
were ground glass opacities and 11 (34%) were small (3–

Fig. 1 Example of the Web and
Cloud-based computer-aided
detection interface
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5 mm) nodules in contact with lung vessels. The mean
number of FP detections per scan was 3.8 (range 3.6–
4.2). CAD FPs were mainly attributed to prominent ribs,
vertebral osteophytes and superposition of vascular struc-
tures (Fig. 3a and 3b).

Per-lesion analysis

Results of per-lesion analysis are shown in Table 1. Across all
readers the overall sensitivity of unassisted reading was 65%
(421/645, 95% CI: 61–69) versus a sensitivity of 88% (570/
645, 95% CI: 86–91) for CAD-assisted reading (p<0.01).
Mean per-lesion sensitivity of CAD-assisted reading was sig-
nificantly higher for all three readers compared to unassisted
read. The number of false-negatives (FNs) was 74 for reader 1,

65 for reader 2 and 85 for reader 3. Results of sensitivity for
each reader, according to lesion size, location and type, are
presented in the Electronic Supplemental Material. The num-
ber of FP findings of unassisted reading was 19 for reader 1,
30 for reader 2 and 41 for reader 3. After reviewing CAD
marks the number of FPs increased to 23 for reader 1, 36 for
reader 2 and 49 for reader 3.

Mean sensitivity of unassisted and CAD-assisted reading
for the detection of small nodules was, respectively, 61%
(304/498, 95% CI: 57–65) and 91% (451/498, 95% CI: 88–
93; p < 0.01) while the sensitivity for intermediate size nod-
ules was, respectively, 77% (92/120, 95% CI: 68–84) and
85% (102/120, 95%CI: 77–91). Compared to unassisted read-
ing, the CAD-assisted paradigm improved the detection of
sub-solid nodules from 61% (46/75) to 91% (68/75;

Fig. 2 Flowchart of the study
population

Table 1 Per-lesion sensitivity of
computer-aided detection (CAD)
stand-alone, of unassisted and
CAD-assisted interpretation
across all readers for lesion size,
location and structure

Nodule CAD stand-alone Unassisted reading CAD-assisted reading

Size Sensitivity (%) Sensitivity (%) 95% CI Sensitivity (%) 95% CI p-value

3–5 mm 84% (139/166) 61% (304/498) 57–65 91% (451/498) 88–93 < 0.01

6–9 mm 88% (35/40) 77% (92/120) 68–84 85% (102/120) 77–91 0.8

≥.10 100% (9/9) 93% (25/27) 76–99 100% (27/27) 87–100 0.16

Location

Central 87% (20/23) 57% (36/69) 44–68 89% (61/69) 78–95 0.02

Intermediate 86% (50/59) 63% (112/177) 56–70 89% (158/177) 84–93 0.04

Sub-pleural 86% (114/133) 68% (270/399) 63–72 88% (351/399) 84–91 0.03

Structure

Solid 92% (132/143) 65% (279/429) 60–70 88% (378/429) 85–91 < 0.01

Part solid 88% (29/33) 63% (62/99) 52–72 87% (86/99) 79–93 0.03

Sub solid 84% (21/25) 61% (46/75) 49–72 91% (68/75) 82–96 0.02

Calcified 93% (13/14) 81% (34/42) 66–91 81% (34/42) 66–91 0.9

Overall 85% (183/215) 65% (421/645) 61–69 88% (570/645) 86–91 < 0.01
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p=0.02), of part-solid from 63% (62/99) to 87% (86/99;
p<0.01) and of solid nodules from 65% (279/429) to 88%
(378/429; p<0.01). Finally, mean sensitivity for central nod-
ules was 57% (39/69, 95% CI: 44–68) and 89% (61/69, 95%
CI: 78–95), respectively, for unassisted and CAD-assisted
reading (p=0.02) (Fig. 3c and d).

Per-patient analysis

Results of the per-patient sensitivity analysis are shown in
Table 2. Across all readers overall per-patient mean sensitivity
of unassisted and CAD-assisted reading for the detection of
nodules of all sizes was 75% (169/225 95% CI: 71–79) and
82% (186/225 95% CI: 79–86; p<0.01), respectively. Mean
per-patient sensitivity of CAD-assisted reading was signifi-
cantly higher for all three readers compared to unassisted read-
ing. There were no differences in sensitivity between readers
with and without CAD.

Results of the per-patient specificity analysis are shown in
Table 3. Across all readers overall per-patient mean specificity
of unassisted and CAD-assisted reading for the detection of
nodules of all size was respectively 85% (382/450 95% CI:
81–88) and 82% (369/450 95% CI: 78–85; p=0.24). No dif-
ferences in specificity were observed between unassisted and
CAD-assisted reading for individual readers. Considering dif-
ferences in specificity among readers, we found that reader 1
had a higher specificity than reader 3 (p=0.009) during the
unassisted reading, while reader 1 had higher specificity than
reader 2 (p=0.003) and reader 3 (p=0.002), when reporting
with CAD.

Reading time and inter-observer variability

Table 4 shows reporting times for all the readers (and their
mean) for both unassisted and assisted reading. With CAD
reporting time increased on average by 11% (329 s CAD
assisted vs. 296 s of unassisted read; p<0.05).

Fig. 3 Examples of the common
computer-aided detection (CAD)
findings. (a) CAD false-positive
mark due to a prominent rib-
vertebral joint. (b) CAD false-
positive mark due to
superposition of vascular
structures. (c) Sub-solid nodule
near to a small vessel at the
periphery of the right lung
detected only at CAD-assisted
interpretation. (d) Small central
nodule adjacent to a vessel
detected only with the aid of CAD

Table 2 Per-patient reader sensitivity of unassisted and computer-aided
detection (CAD)-assisted interpretation

Unassisted reading CAD-assisted reading

Sensitivity 95% CI Sensitivity 95% CI p-value

Reader 1 75% (56/75) 68–81 83% (62/75) 76–88 0.04

Reader 2 80% (60/75) 73–85 85% (64/75) 79–90 0.045

Reader 3 70% (53/75) 63–77 80% (60/75) 73–85 0.02

Overall 75% (169/225) 71–79 82% (186/225) 79–86 0.01

Table 3 Per-patient reader specificity of unassisted and computer-aided
detection (CAD)-assisted interpretation

Unassisted reading CAD-assisted reading

Specificity 95% CI Specificity 95% CI p-value

Reader 1 90% (136/150) 81–88 89% (133/150) 78–85 0.57

Reader 2 85% (127/150) 78–90 76% (114/150) 69–82 0.06

Reader 3 79% (119/150) 72–85 75% (113/150) 68–82 0.41

Overall 85% (382/450) 71–79 82% (369/450) 79–86 0.24
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Discussion

Early identification of metastatic lung progression is of para-
mount importance to identify patients with limited disease
who potentially could benefit from a more aggressive and
multidisciplinary approach [3–6]. In this study, we have
shown that interpretation with CAD improves the overall sen-
sitivity of radiologists by 23% in the detection of lung nodules
with a size of 3 mm or more in patients with primary extra-
thoracic tumours undergoing routine CT staging. To our
knowledge, only one previous article tested a CAD paradigm
in the detection of lung nodules in patients undergoing routine
staging for extra-thoracic tumour, using a different reading
paradigm where CAD was the first reader [16]. In the latter,
CAD detected 64 of the 91 (70%) lung nodules in a total of 18
patients. All 27 lesions missed by CAD were in the sub-
pleural layer. The specific algorithms implemented in our
CAD system allowed the detection of 85% of sub-pleural
nodules, 20% more than unassisted interpretation.

As already shown in screening series [19, 27–33], a higher
sensitivity gain was observed with CAD for 3 to 5mm nodules
(89% vs. 58% of unassisted readings), for sub-solid lesions
(91% vs. 61% of unassisted readings) and for centrally located
nodules (89% vs. 57% of unassisted readings). Central lesions
are more likely to be overlooked by radiologists because of
their adherence to vascular or bronchial structures, which can
totally overlap the finding [19, 29].

It is worthwhile to explore differences between the perfor-
mance of CAD in low-dose screening CT scans and in routine
staging CT studies. Of note, the stand-alone performance of
this research CAD system was higher (88% vs. 80%) in the
present study than in a previous validation study on the LIDC-
IDRI lung screening dataset, which also included low-dose
scans [18]. Results of this study show the capability of this
CAD system to achieve good performances also on external
datasets without optimisation of the processing algorithms.
The performance of CAD/reader could be affected by scan-
ning protocols and, indeed, studies targeting early detection of
bronchopulmonary carcinoma in low-dose lung CTs scans
have shown improvement of the performance of CAD in the
detection of pulmonary nodules, but not to the same extent as
in our study [7, 14, 28–34]. According to a recent study on
a screening population, CAD sensitivity decreased by

9% when cutting the dose to 50% of the original one,
and the number of FPs increased significantly [35]. The
performance of CAD could also be influenced by other
factors such as CAD stand-alone sensitivity, the CAD
algorithm itself, its operating point, reader experience,
lesion conspicuity and inclusion criteria.

When assessing performance of a CAD system, the number
of FP markings should also be taken into consideration. In our
study, the mean number of FP detections per scan was 3.8,
comparable to that of other studies [33, 34]. FP CAD prompts
could affect reader specificity negatively by erroneously in-
ducing the radiologist to point to lesions that are not nodules.
However, in this study no significant difference was observed
between the specificity of unassisted and CAD-assisted read-
ing. The FP rate of this CAD system could be reduced by
retraining the classifier in order to recognize themost common
type of FPs, i.e. rib-vertebral joints and superposition of vas-
cular structures (Fig. 3a and b).

One of the biggest concerns of radiologists when using
CAD systems is the increased interpretation time, due both
to the time required for post-processing of CT data and to
the reporting scheme, since exams are read first unassisted
and then reviewed with CAD. In this study processing of CT
data was fully automated, requiring no additional doctor-
time and therefore reading time increased on average only
by 33 s. To make the CAD pipeline cost-efficient and
available without software and hardware installation, a
Software-as-Service approach was adopted where a web
front-end handled image upload and annotation by radiol-
ogists and where all computing and storage resources
were in a cloud infrastructure [17]. The time efficiency
of this CAD system was improved compared to the per-
formance of CAD as second reader in studies that did not
adopt an automated matching system [27, 30, 36].

This study has some limitations. First, the reference stan-
dard for defining the presence of a pulmonary nodule was a
consensus panel of only two experienced radiologists, who
reviewed all nodules detected by the three readers and/or by
CAD system. Surgical confirmation of the findings was not
available. Potentially this process could have determined an
underestimation of the number of TP nodules. Nevertheless,
the hypothetical lower number of TP would have more likely
affected the overall sensitivity of the two reading paradigms,

Table 4 Interpretation time of unassisted and computer-aided detection (CAD)-assisted reading

Reader Unassisted reading Review of CAD prompts Total reading time Percentage increase
Average time (time ± SD) Average time (time ± SD) Average time (time ± SD)

Reader 1 (295 ± 85) s (29 ± 10) s (324 ± 97) s +9.8%

Reader 2 (303 ± 70) s (33 ± 12) s (336 ± 90) s +11%

Reader 3 (292 ± 72) s (35 ± 13) s (327 ± 75) s +12%

Overall (296 ± 80) s (33 ± 12) s (329 ± 83) s +11%
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not the differences between CAD-assisted and non-assisted
reading, which is the main aim of this study. Other studies,
which used a consensus panel of radiologists as the reference
standard, included a larger number of readers [28, 34–38].
However, reviewers in the consensus panel of this study could
examine follow-up examinations of the same patients when
deemed necessary. Second, this study was retrospective, and it
may not necessarily reflect a real-life workflow. Third, the
nature of the detected nodules was not assessed as in the spe-
cific clinical setting we considered (advanced extra-thoracic
cancer) most patients did not undergo biopsy and/or surgery.
However, the aim of this study was to assess the sensitivity in
the detection of lung nodules in a well-defined, largely unex-
plored group of patients. Finally, the study had only three
readers, including only one inexperienced reader, limiting
the measure of inter-observer variability.

In conclusion, in this study we clinically validated a Cloud-
based CAD system for the detection of lung nodules on CT
scans of patients with extra-thoracic malignancies, showing
sensitivity improvement in the CAD-assisted reading and only
a limited increase of the reading time.
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