
Abstract
The aim of this study was to prospectively assess the 
accuracy gain of Bayesian analysis-based computer-
aided diagnosis (CAD) vs  human judgment alone in 
characterizing solitary pulmonary nodules (SPNs) at 
computed tomography (CT). The study included 100 
randomly selected SPNs with a definitive diagnosis. 
Nodule features at first and follow-up CT scans as well 
as clinical data were evaluated individually on a 1 to 5 
points risk chart by 7 radiologists, firstly blinded then 
aware of Bayesian Inference Malignancy Calculator (BIMC) 
model predictions. Raters’ predictions were evaluated 
by means of receiver operating characteristic (ROC) 
curve analysis and decision analysis. Overall ROC area 
under the curve was 0.758 before and 0.803 after the 
disclosure of CAD predictions (P  = 0.003). A net gain 
in diagnostic accuracy was found in 6 out of 7 readers. 
Mean risk class of benign nodules dropped from 2.48 
to 2.29, while mean risk class of malignancies rose 
from 3.66 to 3.92. Awareness of CAD predictions also 
determined a significant drop on mean indeterminate 
SPNs (15 vs  23.86 SPNs) and raised the mean number 
of correct and confident diagnoses (mean 39.57 vs  
25.71 SPNs). This study provides evidence supporting 
the integration of the Bayesian analysis-based BIMC 
model in SPN characterization.

Key words: Solitary pulmonary nodule; Computer-aided 
diagnosis; Lung neoplasms; Multidetector computed 
tomography; Bayesian prediction

© The Author(s) 2016. Published by Baishideng Publishing 
Group Inc. All rights reserved.

Core tip: The aim of this study was to prospectively 
assess the net accuracy gain of using computer-aided 
diagnosis in characterizing solitary pulmonary nodules 
detected at computed tomography. One-hundred 
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randomly selected nodules with a definitive diagnosis 
were reviewed by 7 radiologists, before and after 
computer predictions. A net gain in diagnostic accuracy 
was found in 6 out of 7 readers. This study provides 
further evidence supporting the integration of computer 
aided diagnosis in nodule characterization.
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INTRODUCTION
Solitary pulmonary nodules (SPNs) are a common radi­
ological finding at computed tomography (CT)[1]. While 
the presence of multiple nodules can be suggestive 
of secondary pulmonary involvement, a single SPN 
can be more problematic to characterize. Benign and 
malignant SPNs are often difficult to discriminate on 
the basis of their appearance, due to the overlap of 
radiographic features such as shape, edge, size, and 
location within the lungs[2]. The presence of accessory 
findings such as calcifications within the nodule, hilar or 
mediastinal adenopathy and pleural effusion, can help the 
radiologist in better assessing the nature of the lesions[3]; 
however, this is rarely the case. The Fleischner Society 
has issued recommendations about the work-up of a 
newly discovered SPN, suggesting to obtain a pre-test 
probability of malignancy[4]. A few malignancy prediction 
algorithms have been introduced in the literature[5-7] to aid 
radiologists in integrating clinical and imaging information 
into a reproducible and quantitative evaluation of the 
malignancy risk of a lesion. Among these, the recently 
introduced Bayesian Inference Malignancy Calculator 
(BIMC, http://www.simoneperandini.com/bimc/) model 
has shown promising results in SPN classification[8]. 
However, there is little or no evidence in the literature that 
these prediction models can enhance discrimination of 
SPNs at the time of diagnosis. Bayesian analysis is a form 
of statistical inference in which the probability favoring 
a hypothesis increases or lowers as more information 
becomes available. It fits particularly well in actual clinical 
scenarios, where data are often partly available. The 
primary purpose of this study was to evaluate the net 
accuracy gain of an integrated human and computer-
aided diagnosis (CAD) approach vs human judgment 
alone in distinguishing benign from malignant SPNs 
detected at CT. The secondary aim was to assess how the 
adoption of the model modifies judgment among raters, 
and, in particular, whether it allows for more accurate 
diagnosis of nodules perceived as having intermediate 
risk by human judgment alone.

RESEARCH AND LITERATURE
A total of 100 solid SPNs from 100 patients, consisting 
of 35 benign and 65 malignant nodules, were randomly 
collected from the local database of SPNs referred to our 
center for characterization. The inclusion criteria were the 
presence of one solid (defined as a nodule with at least 
a solid component > 80% of the total volume) SPN, an 
available thin section CT scan encompassing the lungs 
and a definitive diagnosis by means of tissue biopsy or 
imaging follow-up, as suggested by guidelines[4]. The 
exclusion criteria were the presence of visible nodule 
calcifications and the presence of more than one nodule 
in the same patient. Patients were imaged with a 
256-row multi-detector computed tomography (MDCT) 
system (Brilliance iCT: Philips Healthcare) or a 64-row 
MDCT system (LightSpeed: General Electrics Healthca­
re). CT scans were performed using sub-millimetric 
(0.9 mm), millimetric (1 mm) or near-millimetric (1.25 
mm) contiguous slices. Data were reconstructed with a 
matrix of 512 × 512. The diameters of all nodules were 
measured by means of a linear digital caliper tool. The 
nodules were independently reviewed by 7 radiologists 
with expertise in thoracic imaging ranging from 3 to 
10 years, blinded to final diagnosis and prevalence of 
malignancy, on Multi-Planar Reconstruction images on a 
professional workstation (Carestream Picture Archiving 
and Communication System, Carestream Health, 2011). 
All nodules were independently reviewed by the raters 
in the same order. Clinical and anamnestic data were 
collected from the hospital electronic records and made 
preliminarily available to raters. The reviewer was firstly 
asked to assess image quality as optimal or sub-optimal 
for diagnosis. They were subsequently asked to classify 
the probability of malignancy of the lesion before and 
after disclosure of the BIMC model result according to 
the classes detailed in Table 1, and to record and enter 
personal results in a spreadsheet. The BIMC model is 
a recent SPN risk prediction model developed in 2015; 
it works by providing the user with a risk probability 
after the collection of all available data. It currently 
supports the following features: Age, smoking (Pack-
years), history of previous malignancy, size (mm), 
location within the lungs, edges, volume doubling time, 
minimum focal density, contrast enhancement and 
F-18 fluorodeoxyglucose positron emission tomography 
SUVmax value. Since it was developed as a Bayesian 
classifier, it tolerates partial data collection. The model 
was designed to be a useful tool for integrating all 
available data in an objective, reproducible manner. 
In this study the BIMC model was accessed either in 
the version of a computer application (http://www.
simoneperandini.com/npsbimc/download.htm) or in its 
web counterpart (http://www.simoneperandini.com/
bimc/).

A different operator, which was not included among 
the raters, merged the data and performed the analysis. 
Reviewers’ performance was assessed by means of 
receiver operating characteristic (ROC) curve analysis. 
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Analysis of ROC curves was performed according to 
DeLong et al[9]. Risk class ratings before and after dis­
closure of CAD data were collected in a spreadsheet 
and analyzed. Statistical analyses were conducted with 
MedCalc Statistical Software (MedCalc Software bvba, 
Ostend, Belgium; http://www.medcalc.org; 2014).

CONCLUSION
Six nodules were discarded from the original 100 

because at least one of the reviewers found image quality 
to be sub-optimal for diagnosis. The study population 
consisted of 94 nodules from 94 different patients (57 
males and 37 females). Mean age ± standard deviation 
(SD) was 65 ± 9 years. Mean nodule diameter ± SD was 
14.84 ± 7.23 mm. The resulting population consisted of 
62 malignant nodules and 32 benign nodules. Definitive 
diagnoses were obtained by tissue biopsy in 78 nodules 
and by lack of significant growth according to guidelines 
or volumetric reduction in 16 nodules. Benign nodules 
were composed of 8 hamartomas, 2 fibrotic nodules, 
3 non-tubercular granulomas, 1 tubercular granuloma, 
1 lymph node with signs of histiocytosis, 1 nodule of 
organizing pneumonia, and 16 nodules which proved 
stable according to American College of Chest Physicians 
guidelines. Malignancies were composed of 4 large 
cell carcinomas, 29 adenocarcinomas (4 minimally 
invasive, 11 not otherwise specified, 14 invasive), 5 
squamocellular carcinomas, 12 typical carcinoids, and 12 
metastases. ROC curve analysis is summarized in Table 
2 and illustrated in Figures 1 and 2. SPN ratings are 
summarized in Table 3 and illustrated in Figures 3 and 4. 
Mean risk class shifts after the disclosure of BIMC data 
were 37.14 (39.5%) out of 94 ratings. Mean risk class of 
benign SPNs before and after CAD results was 2.48 and 
2.29, respectively. Mean risk class of malignancies before 
and after CAD results was 3.66 and 3.92, respectively. 
Mean indeterminate SPNs (both benign and malignant 
nodules in class 3) were 23.86 and 15 before and 
after awareness of CAD predictions, respectively. Mean 
correct confident diagnoses (benign nodules in class 
1 and malignant nodules in class 5) were 25.71 and 
39.57 before and after awareness of CAD predictions, 
respectively.

Mean correct diagnosis shift (benign nodules with a 
lesser score or malignant nodules with a higher score 
after CAD disclosure) was 26.42.

Lung cancer is currently one of the leading causes of 
cancer deaths worldwide[10]. Most patients are diagnosed 
at an advanced stage and only about 15% have the 
opportunity of surgical resection[11]. Accurate assessment, 
proper treatment and timely surgical resection of mali­
gnant pulmonary nodules will be highly beneficial to the 
survival of patients with lung cancer.

SPNs are a common radiological finding at CT[1] and 
they often represent a diagnostic challenge for the phy­
sician because of substantial overlap of imaging signs 
between malignant and benign disease. Furthermore the 
differential diagnosis of a solid solitary pulmonary nodule 
is broad, ranging from benign tumors, infectious lesions 
to primary cancer. Typical findings at high-resolution CT 
are illustrated in Figures 5 and 6.

The cornerstone of nodule assessment is to estimate 
the likelihood of malignancy, since accurate determination 
of the nature of an SPN has critical consequences. In 
the case of a high-risk nodule the patient undergoes 
surgery while SPNs looking less aggressive are often 
monitored by serial imaging or characterized by tissue 
biopsy. Clinical prediction models, also referred to as risk 

Table 1 Classification of solitary pulmonary nodule malignancy 
adopted in the current study

Class Probability of malignancy

1 Minimal risk; almost certainly benign
2 Low risk; probably benign
3 Intermediate risk; not further characterizable
4 High risk; probably malignant
5 Very high risk; almost certainly malignant

Table 2  Area under the receiver operating characteristic 
curve values before and following disclosure of the computer-
aided diagnosis data for the different raters

Rater SPNs AUC blinded AUC unfolded Difference Significance

95%CI 95%CI
BIMC   94 0.845 - - -

0.755-0.911
Rater 1   94 0.734 0.769  0.035 P = 0.3329

0.633-0.820 0.671-0.850 
Rater 2   94 0.788 0.820  0.032 P = 0.2170

0.691-0.865 0.727-0.892
Rater 3   94 0.788 0.830  0.042 P = 0.0592

0.692-0.866 0.738-0.899 
Rater 4   94 0.739 0.795  0.056 P = 0.0048

0.639-0.825 0.699-0.871 
Rater 5   94 0.751 0.815  0.064 P = 0.0300

0.651-0.834 0.721-0.887
Rater 6   94 0.836 0.833 -0.003 P = 0.9308

0.745-0.904 0.742-0.902 
Rater 7   94 0.682 0.756  0.074 P = 0.0054

0.578-0.774 0.657-0.839
Overall 658 0.758 0.803  0.045 P = 0.0003

0.723-0.790 0.770-0.833

AUC: Area under the curve; SPNs: Solitary pulmonary nodules; BIMC: 
Bayesian inference malignancy calculator.

Table 3  Mean number of predicted solitary pulmonary 
nodules for each risk class considered, before (pre-computer-
aided diagnosis) and after (post-computer-aided diagnosis) 
computer-aided diagnosis result disclosure

Risk class Benign SPNs Malignant SPNs

 Pre-CAD Post-CAD Pre-CAD Post-CAD
1   6.71 13.43   1.86   1.86
2 12.43   6.86   8.43   7.14
3   6.43   3.71 17.43 11.29
4   3.57   5.00 15.29 15.57
5   2.86   3.00 19.00 26.14

SPNs: Solitary pulmonary nodules; CAD: Computer-aided diagnosis.

Perandini S et  al. Computer-aided characterization of SPNs
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assessment models, have been developed to provide a 
more explicit, transparent, and reproducible assessment of 
the risk[12]. In the past years a few studies have reported 
that CAD systems can help the radiologist to better 
detect and characterize SPNs on CT scans[13-16]. Although 
a number of proposals for the quantitative evaluation 
of SPNs have been offered, at present there is no 
consensus regarding the optimal approach[17]. The main 
purpose of this research was to assess whether and to 
what extent and significance CAD integration could help 
radiologists in better characterizing incidental solid SPNs 
during the work-up.

The most important and clinically relevant finding 
in this study is that the integration of the proposed 
prediction model significantly enhanced SPN charac­
terization by increasing overall area under the curve 
(AUC) by 0.045 (P = 0.0003). This effect was less 
evident on single raters’ AUC, probably because of the 
modest size of the sample evaluated. CAD integration 
increased to a variable extent the AUC for all raters but 
one (6 out of 7 raters) nonetheless.

A second crucial finding is the drop of nodules which 
were classified as indeterminate (class 3 in this study) 
for both malignant and benign lesions after CAD. It 
also led to an overall decrease of doubtful diagnoses 
(SPNs in classes 2, 3 and 4) and raised the number 
of correct confident diagnosis (benign SPNs in class 
1 and malignant SPNs in class 5). A third noteworthy 
observation is that CAD integration did not cause an 
increase of cancer misdiagnoses (malignant SPNs in 
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Figure 3  Graphical representation of benign solitary pulmonary nodule 
classification before (pre-computer-aided diagnosis) and after (post-
computer-aided diagnosis) computer-aided diagnosis result disclosure. 
CAD: Computer-aided diagnosis; SPNs: Solitary pulmonary nodules.

Figure 1  Graphical representation of raters’ receiver operating characteristic curves before (A) and after (B) computer-aided diagnosis results disclosure. 
The Bayesian Inference Malignancy Calculator model receiver operating characteristic curve is recognizable as a staircase shaped dotted-line. A net shift towards the 
upper-left corner is noted from A to B.
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Figure 2  Graphical representation of overall receiver operating characte
ristic curve comparison. Post-computer-aided diagnosis receiver operating 
characteristic curve (solid line) is constantly superior to the pre-computer-aided 
diagnosis curve (dotted line). CAD: Computer-aided diagnosis.
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class 1), while only determining a modest increase 
of benign lesions being classified as probably (benign 
SPNs in class 4: Increased 1.43/32, 4.46%) or certainly 
malignant (benign SPNs in class 5: Increased 0.14/32, 

0.43%). Overall comparison of ratings showed a higher 
mean confidence by lowering mean risk class of benign 
nodules from 2.48 to 2.29 and by raising mean risk class 
of malignancies from 3.66 to 3.92. These results support 
the possibility of enhancing SPN characterization by 
integrating CAD in routine SPN analysis. They also show 
how the BIMC model is particularly able to increase 
confidence in malignant nodule characterization, with­
out raising concern of cancer misses. A very moderate 
increase in the number of benign nodules which are 
wrongly classified as malignant could possibly be the 
main drawback of using the proposed CAD. In this 
regard the authors believe that a more accurate and 
prompt characterization of malignant nodules can be 
worth the cost of very few benign nodules that would 
need further testing or will eventually undergo surgery.

One collateral finding of the current analysis is that 
the BIMC model alone showed persistent superiority 
to all human raters in providing correct predictions of 
risk. A note of caution is due here since the study was 
not designed to provide direct, unbiased comparison 
between raters and the model itself, and results may be 
limited by the methods adopted.

Whether models alone could perform better than 
clinicians is uncertain. Swensen, for example, showed 
that there was no difference in accuracy between the 
judgment of four expert physicians and the probabilities 
generated by the Mayo Clinic model, although it was 
noted how the experts tended to overestimate risk for 
nodules identified as low risk by the model[16]. Since 
this kind of analysis was beyond the scope and the 
methods of the study, these results need therefore to 
be interpreted with caution.

Our analysis suffers from some limitations. In the 
first place we did not consider the time needed to enter 
data in the calculator and obtain a CAD estimated 
value. Additional time requested in nodule assessment 
could possibly be detrimental to the clinical introduction 
of the described model. This was beyond the aim of 
the study and could be better assessed in future work. 
We eventually estimated the mean time spent on the 
web BIMC calculator for a single prediction by asking 
three radiologists to perform a risk prediction using the 
model. Time needed varied from less than 1 min for the 
very experienced (model designer and programmer, not 
included into raters) to roughly 4 min for the less skilled 
user (first time user, not included into raters). In the 
second place we solely focused on incremental accuracy 
of the CAD integrated method in SPN characterization. 
Additional studies are needed to clarify the value of 
prediction models above clinical judgment and to assess 
whether they can improve care and outcomes for 
patients presenting with an SPN.

Our results indicate that use of an integrated CAD 
and human judgment system can lead to improved 
raters’ performance in SPN characterization on chest CT 
images.

This study provides evidence supporting the integ­
ration of CAD in SPN assessment. The BIMC prediction 
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Figure 4  Graphical representation of malignant solitary pulmonary nodule 
classification before (pre-computer-aided diagnosis) and after (post-
computer-aided diagnosis) computer-aided diagnosis result disclosure. 
CAD: Computer-aided diagnosis; SPNs: Solitary pulmonary nodules.

Figure 5  Typical appearance of an indeterminate solid pulmonary nodule 
at high-resolution computed tomography (Philips icomputed tomography, 
slice thickness 1.25 mm) in a 59-year-old female patient. The lesion was 
located in the left lower lobe, had a maximum diameter of 10 mm and proved to 
be a non-tubercular granuloma at surgery.

Figure 6  Typical appearance of a malignant solid pulmonary nodule at 
high-resolution computed tomography (Philips icomputed tomography, 
slice thickness 1.25 mm) in a 59-year-old male patient. The lesion was 
located in the right upper lobe, had a maximum diameter of 24 mm and proved 
to be an adenocarcinoma at surgery.
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model can assist radiologists in better distinguishing 
malignant from benign SPNs.
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