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Efficiency of a computer-aided diagnosis (CAD) system with deep learning in detection

of pulmonary nodules on 1-mm—thick images of computed tomography

Abstract

Purpose: To evaluate the performance of a deep learning-based Computer-aided Diagnosis (CAD) system
at detecting pulmonary nodules on CT by comparing radiologists’ readings with and without CAD.
Materials and methods: A total of 120 chest CT images were randomly selected from patients with suspected
lung cancer. The gold standard of nodules >3mm was established by a panel of three expert radiologists.
Two less-experienced radiologists read the images without and afterward with CAD system. Their reading
times were recorded.

Results: The radiologists’ sensitivity increased from 20.9% to 38.0% with the introduction of CAD. The
positive predictive value (PPV) decreased from 70.5% to 61.8%, and the F1-score increased from 32.2%
to 47.0%. The sensitivity significantly increased from 13.7% to 32.4% for small nodules (3—6 mm) and
from 33.3% to 47.6% for medium nodules (6—10 mm). CAD alone showed a sensitivity of 70.3%, a PPV
0f 57.9%, and an F1-score of 63.5%. Reading time decreased by 11.3% with the use of CAD.

Conclusion: CAD improved the less-experienced radiologists’ sensitivity in detecting pulmonary nodules
of all sizes, especially including a significant improvement in the detection of clinically important-sized

medium nodules (6—10 mm) as well as small nodules (3—6 mm) and reduced their reading time.
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Deep learning;

Multiple pulmonary nodules;

Multidetector computed tomography



Introduction

Lung cancer is one of the most widespread diseases worldwide and the leading cause of cancer-related
death. As reported in Global Cancer Statistics 2018, lung cancer remains the leading cause of cancer
incidence and mortality worldwide, with 2.1 million new lung cancer cases and 1.8 million deaths predicted
in 2018, representing close to 1 in 5 (18.4%) cancer deaths [1].

Early diagnosis is important in lung cancer practice to improve the effectiveness of treatment and
increase patients’ chances of survival [2]. Advances in computed tomography (CT) technology have
enabled early diagnosis [3]. Low-dose computed tomography (LDCT) is a recommended modality for lung
cancer screening in the United States [4]. The largest National Lung Screening Trial (NLST) showed a 20%
reduction in lung cancer mortality rate in participants screened with low-dose helical CT compared with
radiography [5]. The NLST also showed that more than 60% of identified lung cancers were stage I or 11
[5, 6]. Many such early-stage lung cancers are small and may be overlooked, and such failure to detect
small nodules may cause delays in diagnosis and treatment [7]. Because CT screening work is a huge
workload on radiologists, they may overlook small nodules and/or misinterpret images [8, 9]. A study
reported that 20%—35% of small lung nodules were missed in screening diagnosis by a single radiologist
[10]. Less-experienced radiologists generally have lower lung cancer detection rates than experienced
radiologists have. Several studies have reported that computer-aided diagnosis (CAD) systems can improve
less-experienced radiologists’ detection rates [8, 11, 12].

The field of artificial intelligence (AI) has progressed greatly with advances in deep learning
technology in the 2010s. In general, deep learning consists of massive multilayer networks of artificial
neurons that can automatically discover useful features (i.e., representations of input data needed for tasks
such as detection) given large amounts of training data [13-15]. While the performance of conventional
machine learning algorithms was highly dependent on extracted feature quantities designed by humans [13],
deep learning has improved performance because feature quantities are automatically extracted. Deep
learning has the advantage that it can analyze huge amounts of medical images without the acquisition of
systematic knowledge of diagnostic imaging anatomy without fatigue. Several studies have shown that deep
learning-based CAD systems have excellent detection rates and lower false positive (FP) rates [16-18].

In this study, we used a CAD system to detect pulmonary nodules on chest CT images so as to
assist radiologists, and the final diagnosis must be made by doctors. The CAD system was based on a two-
stage object detection system deriving from the well-known Faster R-CNN framework, which could
achieve a high localization and identification accuracy compared with the one-stage object detection system
[19].

The CAD system used in this study was based on deep learning with a neural network structure
that detects pulmonary nodules on chest CT images. The CAD system is intended to assist radiologists, and
the final diagnosis must be made by doctors.

The primary objective of the study was to confirm that the assistance of deep learning-based



CAD improves less-experienced radiologists’ detection rates of pulmonary nodules on CT images by
comparing the sensitivity between reading with and without CAD. The secondary objective was to confirm

that CAD reduces radiologists’ reading time.

Materials and Methods

This was a retrospective study that used CT images of cases with suspected lung cancer. The study was

approved by the ethics committee of Kindai University, and a waiver of informed consent was obtained.

CT studies

The study dataset consisted of 120 chest CT images randomly selected from cases of suspected lung cancer
in patients aged 20 years or older who underwent CT examination at Kindai University Hospital between
November and December 2018. Cases of inappropriate image quality, contrast medium, pneumonia, diffuse
lung disease, massive pleural effusion/atelectasis, and severe postoperative complications were excluded.
CT scans were performed on an 80-detector row CT scanner (Aquilion™ Prime, Canon Medical Systems
Corporation, Japan). Unenhanced CT was performed with the following settings: tube voltage, 120kV;
effective tube current, 128/194 mAs with Volume Exposure Control (SD: 7.27 for 5-mm image); pitch, 1.5;
filter and function, high-frequency algorithm (FC86); detector configuration, 40x1.0 mm; window level,
1200HU, window width, -700HU. All images were reconstructed at 1 mm/1 mm and stored on the hospital
PACS (SYNAPSE).

The gold standard regarding the presence of nodules was established by a panel of three expert
radiologists with 26, 6, and 12 years of diagnostic experience. Initially, two experienced radiologists read
the CT images to determine the locations of nodule marks and types of nodules. Only when the two
experienced radiologists’ results were different did the third experienced radiologist make the final
judgment. This result served as the gold standard.

Two less-experienced radiologists (reader A: 5 years, reader B: 1 year of diagnostic experience)
performed comparative reading tests, first without CAD and then with CAD. In the first part, each reader
was asked to read 120 thoracic CT images without CAD. Workstations with general interpretation functions
(e.g., change of window level and window width, zoom, pan, magnifying glass) were provided to the
readers. Each reader was asked to mark each nodule and annotate the type of nodule. The second part was
conducted after at least 14 days’ interval. In the second part, the same two radiologists read the same CT
images again using CAD that displayed the images with marks. Marks were considered true-positive (TP)
findings if the marks annotated by the readers were within the gold standard marks, otherwise, they were
regarded as FP findings. If the readers did not mark the location of gold standard nodules, it was regarded

as a false negative (FN).

Nodules



The nodules to be detected in this study were those with a major axis of >3mm [20]. All sizes were included
in the detection during the gold standard preparation and comparative reading test, and nodules <3mm were
excluded at the aggregation step. The types of nodules were classified into solid nodules, part-solid nodules,

calcified nodules, and ground-glass nodules (GGNs).

Computer-Aided Diagnosis System

The CAD system used in this study was “InferRead CT Lung,” developed by Infervision Co., Ltd. It is a
pulmonary nodule detection Al software package based on deep learning. This CAD system has functions
to display marks, density, major axis, and the volume of detected nodules (Fig. 1). The backbone of this
CAD system was the well-known Faster R-CNN framework, which was a two-stage object detection system
achieving a high localization and identification accuracy. The input of the CAD system was CT images
after data enhancement including randomly resizing, cropping, padding, and flipping the original CT
images, while the output of this system was the results of object detection, i.c., object bounding boxes and
scores. The CAD system was mainly composed of four parts, including Region Proposal Network (RPN),
Region of Interest (ROI) Pooling Layer, classification, and regression. Firstly, the RPN was utilized to
generate candidate object bounding boxes, and then the corresponding features of each ROI were extracted
by ROI Pooling Layer for the subsequent classification and regression parts [19]. The location of the object
bounding-boxes was specified by using the regression part, and the candidate object bounding-boxes were
distinguished true-positives from false-positives through the classification part. Fig. 6 shows the basic
structure of the current CAD system. Other detailed information on this CAD system including the source,
the size, and the quality of the training data as well as the hyper-parameters of the neural network have not

been published. Furthermore, no research has ever evaluated the functionality of this CAD system.

Reading time
Each reader’s reading time for all cases was recorded and compared between reading without and with

CAD.

Statistical Analysis
Statistical analyses were performed from two perspectives: per-nodule and per-patient. In the per-nodule
analysis, TP, FP, and FN were judged for each nodule on the results of the comparative reading tests without
and with CAD and using CAD alone. Then, each sensitivity, positive predictive value (PPV), and F1-score
was calculated. The F1-score is defined as the weighted harmonic mean of the test’s PPV and sensitivity.
The F1-score can provide a more realistic measure of a test’s performance by using both PPV and sensitivity.
Machine Learning is a good application of the F1-score.

In the per-patient analysis, sensitivity and specificity were calculated for each case [21]. Per-

patient sensitivity was defined as the ratio between the number of patients with at least one TP nodule



detected by the reading test and the total number of patients with at least one nodule according to the gold
standard. Per-patient specificity was defined as the ratio between the number of patients with no nodules
found during the reading test and the total number of patients without nodules according to the gold standard.
Per-nodule and per-patient sensitivity in readings without and with CAD were only compared using
McNemar’s test. The sensitivity in readings without CAD vs. CAD alone and in readings with CAD vs.
CAD alone were not compared using McNemar’s test because CAD is just assistance for clinical diagnosis
and CAD alone does not diagnose in the real clinical scene. A p-value of less than 0.05 was considered

statistically significant.

Results

Fig. 2 shows the flowchart of the study’s selection process. The number of patients randomly selected was
120, of whom 3 were excluded because of diffuse nodules. Therefore, the number of effective cases was
117 (62 males, 55 females: age 21-89, mean age 65.0). According to the gold standard, 111 patients had at
least one >3mm nodule, and 6 patients had no nodules. 743 nodules >3mm were detected; 12 nodules were
diagnosed to lung cancer, 44 nodules were followed up as nodules suspected lung cancer, and 687 nodules
were followed up as nodules suspected benign. The major axis of the nodules averaged 5.7 mm and had a
median of 4.7 mm, and the number of nodules in cases containing at least one nodule averaged 6.9 (median:
5). The most common category of major axis size was 3—6 mm. which accounted for 72% (532/743) of
detected nodules. The most common nodule type was solid nodule, which accounted for 70% (518/743) of

nodules found (Table 1).

Per-nodule analysis
Fig. 3 shows examples of typical detection by CAD. The result of the per-nodule analysis is shown in Table
2 and 3. The total sensitivity of two readers without CAD was 20.9% (310/1486, 95% CI: 0.188—0.230),
and the value with CAD was 38.0% (564/1486, 95% CI: 0.355-0.405, p<0.01). The number of TP increased
to 564 from 310 when CAD was used. The sensitivity of reader A and reader B increased from 22.7% to
35.3% and from 19.0% to 40.6%, respectively. The total PPV decreased from 70.5% (310/440, 95% CI.
0.660-0.747) to 61.8% (564/912, 95% CI: 0.586—0.650), and the number of FP increased to 348 from 130.
The PPV without and with CAD were almost unchanged (69.0% and 69.5%, respectively) in reader A,
whereas the PPV of reader B decreased from 72.3% to 56.4%. The numbers of FP increased from 76 to 115
in reader A and from 54 to 233 in reader B. The total F1-score of both readers increased from 32.2% to
47.0% with CAD.

The performance of CAD alone had a sensitivity of 70.3% (95% CI: 0.668-0.735), a PPV of
57.9% (95% CI: 0.546-0.611), and an F1-score of 63.5%. CAD alone had higher sensitivity and F1-score
values than those of radiologists regardless of whether they used CAD. Instead, CAD alone showed the
highest number of FP (380). Fig. 4 shows examples of FP findings by CAD.



The readers’ sensitivity increased with CAD regardless of the nodules’ major axis size. The
sensitivity increased for nodules 3—6 mm, 6—10 mm, 10-15 mm, 15-20 mm, and >20 mm from 13.7%
(95% CI: 0.117-0.159) to 32.4% (95% CI: 0.296-0.353) (p<0.01), from 33.3% (95% CI: 0.279-0.391) to
47.6% (95% CI: 0.417-0.535) (p<0.01), from 51.1% to 58.7% (p=0.07), from 46.4% to 60.7% (p=0.2), and
from 57.1% to 78.6% (p=0.2), respectively. Thus, the detection of 3—6-mm nodules was improved the most
(p<0.01). The sensitivity of CAD alone for nodules 3—6 mm, 6—10 mm, 10—15 mm, 15-20 mm, and >20
mm were 73.9% (393/532), 60.4% (87/144), 58.7% (27/46), 64.3% (9/14), and 85.7% (6/7), respectively.

In analyses by nodule type, CAD improved readers’ total sensitivity for solid nodules, part-solid
nodules, calcified nodules, and GGNs from 18.6% to 32.6% (p<0.01), from 31.5% to 58.5% (p<0.01), from
30.4% to 54.7% (p<0.01), and from 18.0% to 40.1% (p<0.01), respectively. The detection of GGNs was
improved the most. The sensitivity of CAD alone in detecting solid nodules, part-solid nodules, calcified
nodules, and GGNs, were 68.1% (353/518), 70.8% (46/65), 82.4% (61/74), and 72.1% (62/86), respectively,
with higher sensitivity for calcified nodules. Fig. 5 shows examples of CAD detection of GGNs that were

overlooked by readers without CAD.

Per-patient analysis

The results of the per-patient analysis are shown in Table 4. The readers’ total sensitivity was significantly
improved, from 68.0% (151/222, 95% CI: 0.614-0.741) to 85.1% (189/222, 95% CI: 0.798-0.895), with
the use of CAD (p<0.01). The readers’ total specificity decreased from 91.7% (11/12) to 83.3% (10/12)
with the use of CAD. The performance of CAD alone was a sensitivity of 95.5% (106/111) and a specificity
of 83.3% (5/6).

Reading time
As shown in Table 5, the total reading time decreased by 11.3% with CAD, from 373 minutes to 331 minutes.
The reading time decreased by 10.4% in Reader A, by 11.9% in Reader B. The mean reading time for one

case was 3.1 minutes without CAD and 2.8 minutes with CAD.

Discussion

In this study, we evaluated improvement in the detection rate of pulmonary nodules among less-experienced
radiologists generated by using CAD with AI. Similar to the results of previous studies, our study showed
that less-experienced radiologists assisted with CAD with Al also could detect more nodules than they
could without the CAD [7, 21-27]. The readers’ sensitivity was significantly improved (from 20.9% to
38.0%) by using CAD (p<0.01). Both readers showed similar improvement tendencies. These results
suggest that assistance by the CAD system could help to prevent less-experienced radiologists from
overlooking pulmonary nodules.

Although CAD alone detected more nodules than readers’ performance with CAD, the CAD



alone introduced a 5.8-fold (380/65) increase in FP compared with the readers’ performance without CAD.
We found that the CAD system sometimes detected non-nodule objects such as blood vessels, protruding
pleura, and ground-glass opacities caused by lack of air intake or inflammation (Fig. 4). Because CAD
systems generally detect many candidate nodules, including FP findings, the number of FP should also be
taken into consideration for the evaluation of CAD systems. The mean number of FP found using CAD
alone was 3.2 per case, a comparable value to those found in previous studies [21, 28-31]. The number of
FP in the radiologists’ readings increased 2.7-fold (348/130) with the introduction of this CAD because of
FP findings by the CAD. The reduction in PPV with CAD use was observed only in reader B (from 72.3%
to 56.4%). This suggests that radiologists’ judgment abilities are important after the detection of candidate
nodules.

Regarding the analysis according to the major axis, readings without CAD had a sensitivity of
13.7% for small nodules (3—6 mm), which was significantly lower than that for nodules >6mm (p<0.01).
The CAD significantly improved readers’ sensitivity in detecting small nodules (3—6 mm) to 32.4%
(p<0.01). This tendency was found in both readers. We found that the CAD alone had a great advantage in
detecting small nodules (3—6 mm), as it showed a higher sensitivity (73.9%) than the readers’ results
(p<0.01). Furthermore, readers’ sensitivity for medium nodules (6—10 mm) significantly improved from
33.3% to 47.6% with the use of CAD (p<0.01). Several studies have shown that the prevalence of
malignancy varied by size: 0%—1% for nodules <Smm and 6%—28% for nodules 5—10 mm [32]. Therefore,
the result of significant improvement for medium nodules (6—10 mm) suggests that the CAD could be
effective for early detection of malignant nodules.

In the Dutch Belgian Lung Cancer Screening Trial, 22 (36%) lung cancers diagnosed on post-
screening CTs were overlooked, and 20 of 22 missed lung cancers (91%) were due to errors of detection
[33]. A report based on the International Early Lung Cancer Action Program study showed that in 75% of
patients with confirmed cancer, the corresponding small nodules could be detected in previous CT scans
[34]. We expect that CAD with Al could complement the detection of small lung nodules that doctors may
overlook and contribute to the early detection of lung cancers.

Regarding the analysis according to nodule type, CAD significantly improved the radiologists’
sensitivity for all nodule types. The sensitivity increase was the greatest for GGNs. It has been reported that
part-solid nodules and GGNs are more likely to be malignant than solid nodules are [35]; however, it is
generally difficult for CAD systems to detect part-solid nodules and GGNs [29]. This study showed that
the sensitivity values of the CAD alone for part-solid nodules and GGNs were not inferior to those for solid
nodules (Fig. 5).

In clinical screening for pulmonary nodules, it is problematic if radiologists diagnose patients
with at least one nodule as having no nodules because such patients may miss opportunities for treatment.
It is therefore a great advantage that CAD with Al significantly improved per-patient sensitivity from 68.0%
to 85.1% (p<0.01). CAD alone showed a specificity of 83.3% (value comparable to that of radiologists)



despite many FP; however, statistical evaluation was difficult because only 6 patients had no nodules of
diameter >3mm.

A general concern with CAD systems is increased reading time. In previous studies, both cases
of increase and decrease have been reported [7, 21]. In this study, CAD with Al technology reduced
radiologists’ reading time by an average of 11.3%. This result suggests that CAD with Al could reduce the
burden on radiologists and improve the workflow of chest CT with a large number of examinations.

Deep learning requires a massive number of training images for learning before practical use.
The “InferRead CT Lung” system has already been used in clinical practice in more than 200 medical
institutions in China. In addition, significant amounts of training data have already been obtained. Because
the diagnosis based on the original image depends on the accuracy of radiologists’ reading, the diagnosis
result is not always true. Therefore, the training data need to be determined based on certain decisions. In
many cases, the correct answer is determined by a consensus of several doctors. In the case of this CAD
system, the ground truth annotations of the training data were formed based on evaluations by multiple
doctors. However, no research has ever evaluated the functionality of this Al software.

Our study has several limitations. Without histological proof, lung nodules are radiological
evidence and thus tend to be interpreted variably even among experienced radiologists [36]. However, we
believe that variation could have been minimized by the use of a panel of three expert radiologists to
establish the gold standard.

Because this CAD system was designed for CT images with 1-mm-thick sections, we
reconstructed 1-mm-thick images for this study, although the radiologists usually read 5-mm-thick images.
This method may have caused the more-experienced radiologists to find more nodules in the preparation
process of our gold standard than they would find under usual medical care. Furthermore, the less-
experienced radiologists might have been unfamiliar with reading 1-mm-thick images.

The sensitivity of this examination was relatively low compared with former literatures. This
may be due to the fact that the readers had only one or five years of experience. However, pulmonary
nodules may not be always detected by experienced clinicians, but rather by inexperienced radiologists or
non-specialist clinicians in daily clinical scenes. This suggests that this CAD may be useful for clinical
practice. The definition of lung nodule is ambiguous. Especially ground glass nodule and ground-glass
attenuation or solid nodule and consolidation are difficult to distinguish. Furthermore, lung nodules
adjacent to pleura and pleural nodules are difficult to distinguish. The distinction may be difficult for
inexperienced radiologists.

In conclusion, CAD with Al significantly improved the assisting (i.e., less-experienced)
radiologists’ sensitivity for the detection of pulmonary nodules and reduced their reading time. The
assistance of the CAD system significantly improved the readers’ sensitivity in detecting clinically
important-sized medium nodules (6—10 mm) as well as small nodules (3—6 mm). The results suggest that

the use of the CAD with Al can help to prevent physicians from overlooking pulmonary nodules and
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contribute to efficient reading for early detection of lung cancer.
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Table and Figure legends

Fig. 1: Computer-Aided Diagnosis System

Fig. 2: Flowchart of the study population

Fig. 3: Examples of typical CAD findings
(A) Solid nodule, (B) Part-solid nodule, (C) Calcified nodule, (D) GGN

Fig. 4: Examples of false-positive findings by CAD

(A) Incorrect detection of a blood vessel as a calcified nodule. (B) Detection of ground-glass opacity.

(C)(D) Detection of protruding pleura.
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Fig. 5: Examples of CAD detection of GGNs overlooked by readers

(A) GGN with a major axis of 10 mm in right lung S3. (B) GGN with a major axis of 12 mm in left lung
S10.

In both cases, differential diagnosis among primary lung cancer in situ, atypical adenomatous hyperplasia,

and adenomatous. hyperplasia is required.

Table 1: The number of nodules according to the major axis and nodule types, the number of cases according
to the number of nodules

Table 2: Per-nodule sensitivity of CAD alone and radiologists’ reading without and with CAD, according
to the major axis and nodule type. P-values are for the comparisons between total radiologists’ reading

without and with CAD.

Table 3: Per-nodule sensitivity, PPV, F1-score of CAD alone, and radiologists’ reading with/without CAD.

P-values are for the comparisons between total radiologists’ reading without and with CAD.

Table 4: Per-patient sensitivity and specificity. P-values are for the comparisons between total radiologists’

reading without and with CAD.

Table 5: Reading time of Reader A and Reader B.
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Fig. 1:

Fig. 2:

120 cases enrolled

3 cases excluded
(diffuse nodules)

117 cases included

111 cases with
at lease one nodule

6 cases without nodule
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Fig. 3:
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Fig. 5:
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Table 1:

Mdjoraxis Number of Type ofnodule Number of Number of Number of
nodules nodules nodules cases
3mm - 6mm 532 Solid nodule 518 0 6
6mm - 10mm 144 Part-solid nodule 65 1 11
10mm - 15mm 46 Calcified nodule 74 2-3 27
15mm - 20mm 14 GGN 86 4-9 46
20mm - 7 10 - 27
Total 743 Total 743 Total 117
Table 2:
e
Major axis Sensitivity 95%CI Sensitivity 95%Cl Sensitivity 95%ClI p-value
3 - 6mm (32):;'/95‘?2) 0.699-0.776 (];2/‘17:@4) 0.117-0.159 (3:52/‘?:)/:)4) 0.296-0.353 <0.01
6— 10 mm (S;)/'?Z;) 0.519-0.685 (32/';:@) 0.279-0.391 (l§77/620:)8) 0.417-0.535 <0.01
10— 15 mm (52:/74(?) 0.432-0.730 (317'/]90;0) 0.404-0.617 (552/7;;)) 0.479-0.689 0.07
15 —20 mm ?;/f:/; 0.351-0.872 (11(;'.;;‘:0) 0.275-0.661 ((;(;/72.:0) 0.406-0.785 0.2
20 mm — 8(56'/77?’ 0.421-0.996 ZZ/[];/; 0.289-0.823 (7181/61?) 0.492-0.953 0.2
Nodule type
Solid nodule (322‘/'5"1"8) 0.639-0.721 . ;:/f’o/; g 01630211 (3335/'](’(‘;/; g 02980356 <0.01
Part-solid (1(;';:?) 0.582-0.814 (j I' /'f;/;) 0.237-0.403 (75:”5)8) 0.495-0.670 <0.01
Calcified nodule (22];‘7‘?) 0.718-0.903 (432/'?;/;) 0.231-0.385 (:?/17;;) 0.463-0.629 <0.01
GGN (122/:’(»0) 0.614-0.812 (3' :‘/(l);;) 0.126-0.246 (:S “';;) 0.327-0.479 <0.01
Total ( 572(;‘/37?3) 0.668-0.735 e 123 /?:; g ~0-188:0230 s 2:}?:; g ~ 0:355-0405 <0.01
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Table 3:

CAD alone Reader A Reader B Total (Reader A + Reader B)
Without ) Without ) Without .
o ol W o 24CT With CAD 95% ol With G S
IUCT oo 9UCT With CAD 95%CT (' 95%CI With CAD 95%CI  \(pmt  95%CI With CAD 95%CI  p-value
Sensitiiry J03% 0665 2% 0198 353% 0318 19% 016  06% 037 209% 018 3% 035 o
WY (52743) 0735 (169/743) 0259 (62743) 0388 (141743) 0220 (302743) 0443  (310/1486) 0230 (564/1486) 0405 .
ppv 1% 05K 6% 068 695% 066 T23% 0655 564% 0S-  T0S% 0660  618% 0586 -
(520902) 0611  (1697245) 0747 (62377) 0741  (141195) 0785 (302535) 0607  (3101480) 0747 (564912)  0.650
Flscore 0635 - 032 - 0468 - 0301 - 0413 - 032 S 04n0 - B
Table 4:
CAD alone Reader A Reader B Total (Reader A + Reader B)
95%CI “éf_’\‘l")“‘ 95%CI With CAD 95%CI “C'fhu“)“' 9S%CI With CAD 9S%CT  "opo  95%CI With CAD 95%Cl  p-value
055% 0898  685%  0590- 847%  0766-  67.6%  0580- $5.1% 0776 6%% 0614  $5.1% 0795

Sensitivity 06111 0985 (6111 077 (OH111) 0908 (S/Il1) 0761  (@5/111) 0915  (151222) 0741 (189222) 0s9s 0O

. L 0359 oA s SISO 0421- .0 o 0359 917%  0615- 833% 0516
Specificity 83.3% (5/6) (oo 833% (5/6) (goc 833% (5/6) ool 100% (66) |0 $33% (5/6) ¢ oo (11*12“) pten) (10"120) s

Table 5:
Without CAD (min)  With CAD (min) Decrease ratio
Reader A 326 292 10.4%
Reader B 420 370 11.9%
Mean 373 331 11.3%
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