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Background: Despite the decreasing relevance of chest radiography in lung cancer screening, chest 
radiography is still frequently applied to assess for lung nodules. The aim of the current study was to 
determine the accuracy of a commercial AI based CAD system for the detection of artificial lung nodules on 
chest radiograph phantoms and compare the performance to radiologists in training.
Methods: Sixty-one anthropomorphic lung phantoms were equipped with 140 randomly deployed 
artificial lung nodules (5, 8, 10, 12 mm). A random generator chose nodule size and distribution before a 
two-plane chest X-ray (CXR) of each phantom was performed. Seven blinded radiologists in training (2 
fellows, 5 residents) with 2 to 5 years of experience in chest imaging read the CXRs on a PACS-workstation 
independently. Results of the software were recorded separately. McNemar test was used to compare each 
radiologist’s results to the AI-computer-aided-diagnostic (CAD) software in a per-nodule and a per-phantom 
approach and Fleiss-Kappa was applied for inter-rater and intra-observer agreements.
Results: Five out of seven readers showed a significantly higher accuracy than the AI algorithm. The 
pooled accuracies of the radiologists in a nodule-based and a phantom-based approach were 0.59 and 0.82 
respectively, whereas the AI-CAD showed accuracies of 0.47 and 0.67, respectively. Radiologists’ average 
sensitivity for 10 and 12 mm nodules was 0.80 and dropped to 0.66 for 8 mm (P=0.04) and 0.14 for 5 mm 
nodules (P<0.001). The radiologists and the algorithm both demonstrated a significant higher sensitivity for 
peripheral compared to central nodules (0.66 vs. 0.48; P=0.004 and 0.64 vs. 0.094; P=0.025, respectively). 
Inter-rater agreements were moderate among the radiologists and between radiologists and AI-CAD 
software (K’=0.58±0.13 and 0.51±0.1). Intra-observer agreement was calculated for two readers and was 
almost perfect for the phantom-based (K’=0.85±0.05; K’=0.80±0.02); and substantial to almost perfect for the 
nodule-based approach (K’=0.83±0.02; K’=0.78±0.02).
Conclusions: The AI based CAD system as a primary reader acts inferior to radiologists regarding lung 
nodule detection in chest phantoms. Chest radiography has reasonable accuracy in lung nodule detection if 
read by a radiologist alone and may be further optimized by an AI based CAD system as a second reader.
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Introduction

Chest radiography is an invaluable and cost effective 
imaging tool used worldwide. In the US alone, 35 million 
chest radiographs are carried out each year; over 100 
chest radiographs are assessed in average by a radiologist 
a day (1). As an efficient first line diagnostic instrument in 
various medical conditions, chest radiography has proven its 
eligibility.

Lung cancer represents a major medical issue and still 
is a leading cause of cancer-related deaths around the 
world (2,3). Despite the superior capabilities of computed 
tomography (CT), chest radiography is still widely used as a 
first line-imaging tool to screen for and detect lung lesions. 
However, especially for small lung lesions measuring less 
than one centimeter, sensitivity of radiographs is low. In 
addition, the detection of subsolid lesions or ground-glass 
nodules is significantly inferior as compared to CT (4). 
Hence, missed lung nodule detection of up to 40% has been 
reported using chest radiography, resulting in a dissatisfying 
diagnostic performance regarding the assessment of lung 
lesions (5,6).

On these grounds, improvement of diagnostic accuracy 
in reading chest radiographs has been a matter of research 
in the past, especially computer-aided-diagnostic (CAD) 
systems have undergone rapid improvements over the last 
years. Starting in the 1990s with simple tasks such as the 
correct classification of chest radiograph orientation they 
have developed to high accuracy definition of the thoracic 
anatomy, correct lung segmentation or localization of 
abnormalities such as tuberculosis or lung nodules (7-13).

In recent years, new computer-assisted technologies for 
radiologic usage, involving deep learning AI systems, have 
been introduced to clinical research. Deep learning, unlike 
conventional machine learning, autonomously produces 
models for presented problems directly from raw data, 
without the need of human input (14). These deep learning 
systems showed superior diagnostic performance over 
conventional CAD systems; one of the first deep learning 
CAD systems for chest CT showed a sensitivity of 73% and 
a specificity of 80% in detecting lung nodules, which was 

considerably better as compared to various conventional 
CAD systems (15). Recent studies have shown a sensitivity 
of 85.4% with 1.0 false positive (FP) rate per image (16), 
or up to 95% however with a FP rate of 1.17 to 22.4 per  
image (17-19).

Compared to the average diagnostic performance of 
radiologists with varying experience, deep learning systems 
showed significantly superior accuracy in distinguishing 
normal and pathological radiographs as well as detection of 
lesions, with an overall FP rate per image of 0.11, compared 
to 0.19 in human readers (20). Other studies have shown 
lung nodule detection rates in chest radiographs of over 
99%, while maintaining a FP rate of 0.2 (21). In reviewing 
afore by observer only diagnosed radiographs with 
supplementary deep convolutional network software, reader 
sensitivity increased from 65.1% to 70.3% and at the same 
time, the FP rate declined from 0.2 to 0.18 per image (22).

Liang et al. stated that not only the sensitivity of nodule 
detection increased by the use of an AI algorithm as a 
second reader device, but that the algorithm could make 
the daily workflow more efficient (23). The QUIBIM 
chest X-ray (CXR) classifier achieved rapid processing 
times of 94.07±16.54 seconds per case (23). Another deep 
learning based automatic detection algorithm applied 
in the study of Nam et al. enhanced the performance of 
both, unexperienced and expert readers, regarding nodule 
detection and therefore resulted in an optimized workflow 
as well (24). Besides detecting lung nodules, an AI-CAD 
system demonstrated benefits in other diagnostic tasks, 
such as classifying nodules and lung patterns or identifying 
pulmonary tuberculosis lesions (7,8,25,26).

Despite the undisputed benefits of introducing CAD 
systems to radiologic practice, there are still challenges 
requiring further investigation. Conventional machine 
learning algorithms depend on a large amount of datasets 
for training purposes; they are therefore limited to the 
amount and quality of these training datasets. Deep learning 
algorithms on the other hand are able to gain knowledge 
and to generalize it to new data. However, they as well 
require access to well-assorted datasets, which are limited, 
and depend on inclusion of pathologic verification for most 
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findings (9). Furthermore, most of the recent multicenter 
studies on this topic dealt with relatively large nodules or 
even masses, sizes varying between 20–40 mm, resembling 
locally advanced tumors (20,22).

The primary aim of this study was to test the accuracy of 
an AI auxiliary nodule detection system on chest phantoms 
radiographs and compare the performance to radiologists 
in training, in expectance of a superior performance of the 
algorithm. The influence of possible confounders such as 
nodule size, location and experience level of the reader were 
defined as secondary aims.

We present the following article in accordance with 
the STARD reporting checklist (available at http://dx.doi.
org/10.21037/jtd-20-3522).

Methods

This research project did not involve human data. For this 
retrospective phantom study, institutional review board 
approval could be waived.

Chest phantoms

Anthropomorphic chest phantoms (Chest Phantom N1, 
Kyoto Kagaku) were used to allow for correlation with a 
robust standard of reference. The phantoms resemble a 
human male torso containing all the important organs and 
are made of soft-tissue substitute material (polyurethane) 
and synthetic bones (epoxy resin), both materials act very 
similar to the biological tissues regarding their radiation 
absorption rate. Artificial solid nodules (density: 100 HU; 
diameters of 5, 8, 10, and 12 mm) were randomly placed 
inside the phantoms. A random generator chose nodule 
size, left versus right lung, lung segment and peripheral 
versus central location for each nodule, the position was 
documented as a standard of reference.

In total, 61 phantoms were used for this study, 53 phantoms 
with nodules and 8 without nodules. A total of 140 solid 
lung nodules were placed in the artificial lung parenchyma  
(Figure 1). Nodule characteristics are listed in Table 1. The 
chest radiograph unit settings for the phantoms were identical 
to those used in the clinical setting. Radiographs were 
acquired in two planes in upright position, including dual-
energy subtraction of the bones. This experimental design was 
replicated from an earlier study, which dealt with the detection 
rate of radiologists in chest radiographies compared to chest 
CT scans with varying kernels (27).

AI readout

The phantom scans were transferred to an in-house 

Chest phantoms

n=61

Chest phantoms

with nodules

n=53

Chest phantoms

without nodules

n=8

Total of 140

solid nodules

(5/8/10/12 mm)

Simultaneous transfer to PACS and AI-CAD server

Readout by

radiologists

Read-out by

AI-CAD system

Figure 1 Study design flowchart. CAD, computer-aided-diagnostic.

Table 1 Artificial nodule characteristics

Nodule characteristics No. (total n=140)

Side

Right 79

Left 61

Location

Central 78

Peripheral 62

Size

5 mm 34

8 mm 35

10 mm 36

12 mm 35

http://dx.doi.org/10.21037/jtd-20-3522
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server running a commercially available machine-learning 
algorithm for lung lesion detection on chest radiographs 
(InferRead® DR by Infervision Technology Ltd., Beijing, 
China). The algorithm is based on a region-based fully 
convolutional network (R-FCN network), which is a region-
based full convolution detection method, consisting of 
several sub-network structures. The first network performs 
convolutional operation on the entire image to obtain the 
corresponding feature map, while the second is the region 
proposal network (RPN) used to generate the candidate 
area, and the third is the sub-network used for classification 
and regression of the position of the detection frame, which 
is regionally correlated (28). Prior to the deployment, the 
algorithm was tuned to the site-specific characteristics 
of the radiography unit. The dataset used for adjustment 
comprised 20 radiographs, which were retrospectively 
retrieved from the clinical database. The cases were 
irreversibly anonymized and transferred to Infervision for 
algorithm adaption. After completion of the installation, 
the test dataset of phantom scans was transferred to the 
AI-CAD. Automated analysis of each case was performed 
(Figures 2 and 3) and the results were recorded by a chest 
radiology fellow on a spread sheet. Results were compared 

to the ground truth. Correctly identified lesions were 
recorded as true positives (TP), missed lesions as false 
negatives (FN), correctly identified healthy controls as true 
negatives (TN) and incorrectly identified lesions as FP.

Human readout

Seven radiologists (two fellows in thoracic imaging with 
5 years of experience and five residents with 2–4 years of 
experience in general radiology, including at least 1 year of 
experience in thoracic imaging) independently conducted 
a blinded retrospective readout. For the readout of the 
conventional chest radiographs, the radiologists evaluated 
the radiographs in both planes and subsequently interpreted 
the posterior-anterior projection with bone subtraction. 
The readout was performed on a dedicated PACS-
workstation (Sectra PACS IDS7, Sectra) with dedicated 
monitors (BARCO Coronis Fusion 6MP LED). The 
readers were allowed to adjust window settings to allow for 
natural reading conditions. The readers, who were blinded 
to the nodule distribution, searched the radiographs for 
lung nodules. Lesions were recorded on a standardized 
readout sheet by documenting their location. Results were 

A B

C

Rib fracture
(FP)

Solid nodule
(TP)

Pleural effusion (FP)

Figure 2 Images of a chest phantom with two solid nodules inside the left lung. (A) PA radiograph with the marked findings of the AI based 
CAD system. A solid nodule in the left lung was correctly identified by the software (TP). Rib fracture and pleural effusion were FP findings. 
(B,C) Coronal CT images of the same chest phantom show the two nodules in the left lung. The smaller nodule was missed by the software. 
FP, false positive; TP, true positive; PA, posteroanterior; CAD, computer-aided-diagnostic.
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compared to the ground truth, analogous to the AI readout.

Statistical analysis

All data analysis was performed with Microsoft Excel 
(Microsoft Excel, Version 2016, Redmond, WA, USA) 
and SPSS (IBM SPSS Statistics., Version 25.0. Armonk,  
NY, USA).

Sensitivity, specificity and accuracy of the software and 
each reader were calculated and McNemar test was used to 
compare each radiologist’s results to the software. A P value 
of <0.05 was considered statistically significant. Additionally, 
weighted Fleiss-Kappa was applied for the inter-rater and 
intra-observer agreements.

Results

Per nodule analysis

The AI-CAD software showed a sensitivity of 0.35 
(P=0.001), specificity of 0.84 (P=0.79) and accuracy of 0.47 
(P=0.02) in nodule detection.

In the individual performance comparison between each 
reader and the AI-CAD, every radiologist’s accuracy was 

significantly higher than the AI-CAD software, except for 
residents 4 and 5, who demonstrated statistically the same 
accuracy of 0.56 (P=0.085) and 0.55 (P=0.122), respectively 
(Table 2).

The readers reached a pooled sensitivity, specificity 
and accuracy of 0.50, 0.86 and 0.59. An experience 
dependent evaluation was performed; sensitivity, specificity 
and accuracy of the residents were 0.50, 0.84 and 0.58. 
Sensitivity, specificity and accuracy of the fellows were 0.50, 
0.92 and 0.60, respectively. Sensitivity and accuracy did not 
demonstrate a significant difference between residents and 
fellows (P values: 0.92 and 0.59) while the specificity of the 
fellows was significantly higher (P value =0.046). Compared 
to the AI-CAD software, sensitivity and accuracy of both 
residents and fellows were significantly better (P<0.005) and 
there was no difference in specificity (residents vs. AI-CAD: 
P=0.87 and fellows vs. AI-CAD: P=0.17).

Inter-rater agreement among the radiologists was higher 
(K’=0.58±0.13) than the agreement between radiologists 
and AI-CAD software (K’=0.51±0.1; P<0.001).

Additionally, intra-observer agreements for resident 
2 and fellow 1 were calculated and showed substantial to 
almost perfect agreement in a second reading session, which 

Figure 3 Images of a chest phantom with four solid nodules in both lungs. (A) PA radiograph with the marked findings of the AI based 
CAD system. Two solid nodules were correctly identified by the software (TP). Rib fracture, pneumonia and pleural effusion were false FP. 
(B,C,D,E) Coronal CT images of the same chest phantom showing the four nodules in the left lung. The smaller nodule on the left and 
the more centrally located nodule on the right were missed by the software. FP, false positive; TP, true positive; PA, posteroanterior; CAD, 
computer-aided-diagnostic.
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was performed 6 months after the initial reading session 
to avoid recall bias (resident 2: K’=0.83±0.02; fellow 1: 
K’=0.78±0.02).

Per phantom analysis

A phantom-based evaluation of the results was performed, 
meaning that for a TP read at least one nodule had to be 
correctly identified or a normal control had to be read as 
normal.

Similar to the nodule based approach all radiologists 
except residents 4 and 5 showed significantly higher 
accuracy than the AI-CAD software (Table 3). The 
radiologists reached a pooled sensitivity, specificity and 
accuracy of 0.83, 0.80 and 0.82 respectively, while the AI-

CAD software reached 0.67, 0.66 and 0.75. The differences 
in accuracy and sensitivity between the software and 
the radiologists were significant (P=0.005 and P=0.004 
respectively) while specificity was not significantly different 
(P=0.72). The experience dependent evaluation showed 
no significant differences between fellows and residents 
regarding accuracy (P=0.49), sensitivity (P=0.93) or 
specificity (P=0.11). Inter-rater agreements between the 
radiologists (K’=0.61±0.16, substantial) were higher than the 
agreement between radiologists and software (K’=0.43±0.09, 
moderate).

Intra-observer agreements were calculated for resident 
2 and fellow 1 on the per phantom basis as well and each 
of them showed almost perfect agreement (resident 2: 
K’=0.85±.05; fellow 1: K’=0.80±.02) in the second reading 

Table 2 Nodule-based sensitivity, specificity and accuracy of human readers and AI-CAD

Reader Years of experience Sensitivity Specificity Accuracy
P value (difference to 

AI-CAD)

AI-CAD 0.35 0.84 0.47

Resident 1 2 0.47 0.91 0.58 0.038

Resident 2 3 0.54 0.89 0.62 0.004

Resident 3 3 0.57 0.70 0.6 0.01

Resident 4 4 0.44 0.93 0.56 0.085

Resident 5 4 0.48 0.76 0.55 0.122

Fellow 1 5 0.49 0.93 0.59 0.019

Fellow 2 5 0.51 0.91 0.61 0.009

CAD, computer-aided-diagnostic.

Table 3 Phantom-based sensitivity, specificity and accuracy of human readers and AI-CAD

Reader Years of experience Sensitivity Specificity Accuracy
P value (difference to 

AI-CAD)

AI-CAD 0.66 0.75 0.67

Resident 1 2 0.81 0.88 0.82 0.035

Resident 2 3 0.85 1 0.87 0.008

Resident 3 3 0.91 0.25 0.82 0.049

Resident 4 4 0.77 0.88 0.79 0.065

Resident 5 4 0.79 0.75 0.79 0.143

Fellow 1 5 0.81 1 0.84 0.006

Fellow 2 5 0.85 0.88 0.85 0.013

CAD, computer-aided-diagnostic.
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session 6 months after the initial session.

Effect of nodule size and location

Radiologists’ average sensitivity for 12 and 10 mm nodules 
was 0.76 and 0.82 respectively and dropped to 0.66 for the 
nodule size of 8 mm (P=0.04). For the 5 mm nodules the 
sensitivity reached a minimum of 0.14 (P value <0.001, 
compared to the 8 mm nodules). The results were similar 
amongst fellows, residents and the AI-CAD; however, there 
was no significant effect of nodule size on the results of the 
AI-CAD.

Both, the radiologists in training and the AI-CAD 
demonstrated a significant higher sensitivity for peripheral 
nodules (outer 2/3 of the lung on axial CT images) 
compared to central nodules (radiologists: 0.66 vs. 0.47, 
P=0.004; AI-CAD: 0.64 vs. 0.09, P=0.025).

A size dependent analysis of nodule detection sensitivity 
showed, that radiologists in general detected significantly 
more nodules as compared to the AI-CAD (P=0.009). 
However, only in lesions measuring 10 mm in diameter, 
results were found to be significant (P=0.005; Table 4).

Discussion

The purpose of this study was to evaluate the performance 
of a commercially available AI based CAD system regarding 
the detection of solid lung nodules on chest radiograph 
phantoms. The results of the software were compared 
to seven radiologists in training; five of them achieved a 
significant higher accuracy than the AI-based CAD system.

The software showed a sensitivity of 0.35 regarding the 
detection of lung nodules, which is lower compared to the 
sensitivities reached by comparable algorithms in recent 
studies, for example, the deep convolutional neural network 

(DCNN) software in the study of Sim et al. (0.67) or a deep 
learning-based detection (DLD) system in the study of Park 
and colleagues (0.84) (20,22). The most probable reason 
is the use of chest phantoms instead of real patients; the 
system had initially been trained with a dataset of human 
chest radiographs. A hint in this direction is that the system 
detected many false-positive ancillary findings, which were 
not present in the phantoms (e.g., pleural effusion, rib 
fractures, pneumonia). However, additional studies with 
human datasets are needed in the future to confirm this 
theory.

Another reason for the system’s performance most 
certainly was the use of micronodules and small nodules 
in the current study (5, 8, 10, 12 mm). This is pertinent, 
keeping in mind that the formerly mentioned multicenter 
studies all included much larger nodules or even masses; 
for example Sim et al. included nodules between 10–30 mm 
while Park et al. had average nodule sizes of 41±26 mm in 
center 1 and 34±18 mm in center 2 (20,22).

In the current study, an additional phantom-based 
evaluation was performed, meaning that with one TP 
nodule or a correctly identified healthy control the phantom 
was evaluated as correctly read. Based on this per-phantom 
approach, the system’s sensitivity was 0.66; but again human 
readers achieved higher sensitivities and accuracies.

According to the results of the current study, the location 
of the nodules was more important than their size in terms 
of detection. Both, radiologists and algorithm, detected 
more peripheral than central nodules, which is an expected 
finding. Still, there was only moderate inter-rater agreement 
between algorithm and the human readers, a finding that 
may indicate that the AI-CAD system detected different 
nodules than the radiologists and therefore the two may 
work complementary. Of course, based on the current 
results this can be only hypothesized, but it is in agreement 
with previous studies, of which most concluded that CAD 

Table 4 Size dependent nodule sensitivity of AI-CAD versus radiologists

Nodule size AI-CAD All radiologists P value

5 mm 9.1% 14.3% 0.639

8 mm 40.0% 65.7% 0.116

10 mm 37.5% 82.1% 0.005

12 mm 50.0% 76.2% 0.177

All nodules 31.4% 55.1% 0.009

CAD, computer-aided-diagnostic.
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systems should rather be used as a second reader than as 
a concurrent or primary reader in the context of CT lung 
cancer screening (29-31).

Most of the deep learning algorithms act inferior if 
compared to the human learning capability, which as 
well is in concordance with the findings of the current  
study (32). One also has to keep in mind that most 
algorithms are tested on datasets, which are very similar to 
the training datasets, a fact that may cause an overestimation 
of their performance; this phenomenon has been described 
in the literature as “overfitting” (33). Despite the promising 
results of AI-supported diagnostic modules, widespread 
implementation is still delayed; mostly owed to inadequate 
performance, lack of workflow integration and assessment 
tools (32,33).

Another important aspect for radiography interpretation 
by AI algorithms is the identification of ancillary findings, 
of which most seem trivial for the human radiologist, but 
CAD systems need to be taught first. In the current study, 
the AI-CAD system revealed difficulties with ancillary 
findings and had a high number of FP findings such as 
pneumonia, rib fractures or atelectasis, which were not 
present in the phantoms. This most probably was caused by 
the use of chest phantoms instead of real patients; it may be 
diminished by further optimization of the algorithm and has 
to be confirmed by future studies on human datasets.

Further  repor ted  per t inent  prob lems  for  the 
implementation of AI based systems include limits of 
generalization, the lack of explainability and a lack of 
publication standards for reproducibility (15).

Despite the decreasing relevance of chest radiography 
in the field of lung cancer screening, there is still a good 
chance that the diagnostic work-up of a symptomatic 
patient starts with a chest radiography to get a first 
impression of his pulmonary status or to rule out other 
relevant differentials such as pneumonia or pneumothorax. 
Even though there is decreased sensitivity for small nodules 
and subsolid or ground-glass nodules documented in the 
literature, radiographs are still a pivotal tool for primary 
assessment of the lungs (4,34,35).

There are several limitations to the current study, 
the first one being the use of chest phantoms instead of 
human patients, which most probably lead to a rather 
poor performance of the algorithm but on the other hand 
allowed for correlation with a robust ground truth. Another 
limitation is that only solid nodules were used and no part-
solid or ground-glass nodules were available for this study. 
However, it is questionable if those nodules are detectable 

with radiography at all. Finally, the small sample size could 
be considered a limitation, especially for the calculation of 
the inter-rater agreements, but the achieved results proved 
to be mainly statistically significant.

Conclusions

In conclusion, we found that human readers show superior 
accuracy as compared to an AI based CAD system. 
However, the AI-CAD system used did detect different 
lesions than the radiologists; emphasizing the role of such a 
system as a second reader device.
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