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Abstract
Objectives To compare the diagnostic performance and interpretation time of digital breast tomosynthesis (DBT) for both novice
and experienced readers with and without using a computer-aided detection (CAD) system for concurrent read.
Methods CAD system was developed for concurrent read in DBT interpretation. In this observer performance study, we used an
enriched sample of 100 DBTcases including 70 with and 30 without breast cancers. Image interpretation was performed by four
radiologists with different experience levels (two experienced and two novice). Each reader completed two reading sessions (at a
minimum 2-month interval), once with and once without CAD. Three different rating scales were used to record each reader’s
interpretation. Reader performance with and without CAD was reported and compared for each radiologist. Reading time for
each case was also recorded.
Results Average area under the receiver operating characteristic curve values for BI-RADS scale on using CAD were 0.778 and
0.776 without using CAD, demonstrating no statistically significant differences. Results were consistent when the probability of
malignancy and percentage probability of malignancy scales were used. Reading times per case were 72.07 s and 62.03 s (SD,
37.54 s vs 34.38 s) without and with CAD, respectively. The average difference in reading time on using CAD was a statistically
significant decrease of 10.04 ± 1.85 s, providing 14% decrease in time. The time-reducing effect was consistently observed in
both novice and experienced readers.
Conclusion DBT combined with CAD reduced interpretation time without diagnostic performance loss to novice and experi-
enced readers.
Key Points
• The use of a concurrent DBT-CAD system shortened interpretation time.
• The shortened interpretation time with DBT-CAD did not come at a cost to diagnostic performance to novice or experienced
readers.

• The concurrent DBT-CAD system improved the efficiency of DBT interpretation.
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Abbreviations
CAD Computer-aided detection
DBT Digital breast tomosynthesis
FFDM Full-field digital mammography

Introduction

Although there are obvious limitations, mammography is the
only proven screening modality that has been shown to reduce
breast cancer mortality in randomized trials [1, 2]. A limitation
of full-field digital mammography (FFDM) is the
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superimposition of breast tissue, which can obscure cancers or
make normal structures appear suspicious [3, 4]. Therefore,
the sensitivity and specificity of screening mammography are
limited in women with dense breast tissues [5–7]. Digital
breast tomosynthesis (DBT) may be an effective screening
tool for these women. By reducing the effect of tissue super-
imposition, DBT allows better visualization of malignancy
and also facilitates discrimination between normal tissue
structures and breast cancers. Compared with FFDM alone,
DBT in combination with FFDM has shown increased sensi-
tivity, reduced recall rates, and fewer false positives in breast
cancer detection [8–11].

Interpretation of DBT studies may be challenging for radi-
ologists partially because it involves the analysis of a series of
thin slices through the breast, which requires longer reading
time than that associated with FFDM [9, 12]. To address the
challenges of reviewing DBT studies, computer-aided detec-
tion (CAD) software may help radiologists detect cancers and
improve efficiency in the DBT interpretation workflow.
However, to date, few studies have investigated the effect of
using CAD systems for DBT [13, 14]. We hypothesized that
the potential benefit of a CAD system is to reduce the overall
interpretation time while maintaining better diagnostic perfor-
mance of radiologists compared with FFDM. To the best of
our knowledge, there have been no published reports regard-
ing the investigation of DBT-CAD systems according to ex-
perience levels of radiologists. In this study, we aimed to de-
velop and validate the new DBT-CAD system. For this, we
evaluated a new DBT-CAD system in an observer perfor-
mance study and compared the diagnostic accuracy of DBT
interpretation and reading time for novice and experienced
readers with and without the CAD system.

Materials and methods

Data set

This retrospective study was approved by the institutional
review board, and the informed consent requirement was
waived. Between March 2016 and June 2016, a total of 100
consecutive patients underwent DBTexaminations at our hos-
pital. For studying observer performance, these 100 consecu-
tive cases who underwent screening (N = 14) or diagnostic
(N = 86) DBT examinations constituted our study population.
This case series comprised 70 biopsy-proven breast cancers,
and 30 non-cancer cases consisting of 17 benign and 13 neg-
ative cases. The reference standard was biopsy-proven histo-
pathology (N = 76) or clinical imaging follow-up for at least
1 year (N = 24). DBTexaminations were performed bilaterally
(N = 60) or unilaterally (N = 40) using a commercially avail-
able device (SenoClaire, GE Healthcare). Craniocaudal (CC)
and mediolateral oblique (MLO) views of each breast were

obtained. The system acquired nine projections along a -12.5
to + 12.5 degree arc using a step-and-shoot technique. Images
were reconstructed by iterative reconstruction (ASiR,
Adaptive Statistical Iterative Reconstruction, GE Healthcare).

Computer-aided detection system

Lesion detection step

In this study, we used a newDBT-CAD system, which was
developed for this study. First, 3D DBT images were softly
binarized using a customized Sigmoidal function to better
highlight breast lesions compared with the neighboring
fibroglandular breast tissues; subsequently, an edge detection
step using a Canny-edge detection algorithm was applied. The
3D Hough transform technique generated a list of Hough
spheres by detecting locally spherical edges around a breast
lesion, after which the Hough spheres were converted into
circumscribing parallelepiped cubes to effectively cover the
entire range of examined spheres.

The Hough transform [15, 16] is widely used in the detec-
tion of various types of figures, for example, by exploiting the
duality between points on a curve and its parameters. The
resulting Hough cube is considered as a candidate for the 3D
lesion image and labeled normal or lesion whether or not there
is an overlap with the ground truth.

False-positive (FP) reduction step

We performed an automatic FP reduction of a list of mass
candidate cubes, extracted from Hough transform-based le-
sion detection step (B) using a convolutional neural networks
(CNN). In this study, we used a well-known CNN model
ResNet-50 without modifying the network architecture [17].
In this study, the ResNet-50 convolutional neural network is
used because of its computational simplicity, better perfor-
mance in a wide range of machine learning processes, and it
especially works well on unsupervised dataset.

For the train database of images, a rescaled thumbnail
consisting of 128 × 128 pixels in grayscale space was created
from each parallelepiped candidate cube. After data augmen-
tation, such as the typical horizontal flipping and rotation pro-
cesses for solving the class imbalance problem of our dataset,
input images were labeled false-positive and true-positive re-
gardless of an overlap with the ground truth. These images
were again partitioned into a training set (60%), a testing set
(20%), and a validation set (20%). We also used the k-fold
cross-validation to estimate classification accuracy on a rela-
tively small data set. In this study, we adopted k = 5 for
simplicity.

To enhance the detection accuracy of breast tumor mass, we
applied transfer learning techniques with an additional dataset
consisting of artificially generated thumbnail images (128 × 128
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pixels), containing mass-like 2D objects and various noise and
background gray levels. For first-stage transfer learning, we load-
ed pre-trained weights for the ResNet-50 model on ImageNet
database and subsequently performed second-stage transfer
learning on mass-like 2D object dataset described above. To
enhance its training efficiency, the intermediate layers above
the first input layer were frozen except for the last six
convolutional layers. For the final-stage FP reduction step, the
resulting confidence scores for thumbnail images were examined
to merge the bounding boxes of mass candidates.

The ResNet-50 model in this study were trained on the 393
DBT image volumes of 200 breasts containing 181 tumor
masses, which produces an FP rate of 3.42 per DBT volume
at a sensitivity of 90% [18].

Image interpretation

Image interpretation was performed by four radiologists with
different experience levels in breast imaging and DBT. Two of
the radiologists (readers 1 and 2) were classified as experi-
enced readers, and the remaining two (readers 3 and 4) were
novice readers. Two novice readers were still in the training of
breast imaging after completing a radiology residency pro-
gram. They had a year of experience in breast radiology.
Experienced readers were fellowship-trained, dedicated breast
radiologists with 14 and 6 years of clinical experience in
breast imaging, reading at least 5000 mammograms each year.
They had at least 6 years of experience in DBT and had par-
ticipated in prior studies involving the interpretation of DBT
images [19, 20]. We used a viewer system to review DBT
images. Each reader completed two reading sessions, once
with and once without CAD. The predetermined minimum
interval between the reading sessions was 2 months to reduce
any possible bias caused by the possibility of readers remem-
bering what they had previously read. Each case was de-
identified and randomized between the reading sessions.

Readers were blinded to the readings of other radiologists,
clinical information, and histological diagnosis.

The readers were asked to detect the presence or absence of
abnormalities in each reading session. Three different scales
were used to record each reader’s interpretation: modified BI-
RADS (BI-RADS scale without category 0), probability of
malignancy scale (1, definitely not cancer; 2, almost certainly
not cancer; 3, probably not cancer; 4, possibly cancer; 5, prob-
ably cancer; 6, almost certainly cancer; 7, definitely cancer),
and percentage probability of malignancy scale (0–100%, i.e.,
each reader’s subjective assessment of the probability that
malignancy was positive). These scales were used to calculate
diagnostic performance and derive receiver operating charac-
teristic (ROC) curves. They also recorded the reading time
with a stopwatch in each case, measured in seconds.
Reading time only included the time to review DBT images
and did not include the time to record interpretation results.

Data analysis

The primary endpoint was the overall diagnostic performance
based on the area under the ROC curve (AUC) using three dif-
ferent scales. The 95% confidence intervals (CIs) of various
AUC scores were determined by bootstrapping. Secondary end-
points included sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV) according to the
modified BI-RADS scale. Modified BI-RADS scale was dichot-
omized to compute standard operating metrics (e.g., sensitivity,
specificity, PPV, andNPV), with a BI-RADS score of 4 or higher
that indicates a positive test result. The McNemar test was used
to compare diagnostic performance, and CIs of these values were
based on a robust variance estimator. The reading times with or
without CAD were compared using paired t test. Generalized
estimating equations with logit link were used to account for
the correlation in interpretation times due to repeat reads of an
image within and across readers. Statistical analyses were

Table 1 Area under the curve (AUC) for novice and experienced readers with and without computer-aided detection (CAD)

Scales Experience
level

Average AUC (95% CI) Difference
(standard error)

p value

Without CAD With CAD

BI-RADS Novice 0.752 (0.688–0.816) 0.758 (0.694–0.822) 0.006 (0.021) 0.784

Experienced 0.800 (0.738–0.861) 0.796 (0.735–0.858) -0.003 (0.019) 0.866

All 0.776 (0.732–0.821) 0.778 (0.733–0.822) 0.001 (0.014) 0.924

Probability of
malignancy

Novice 0.772 (0.709–0.834) 0.766 (0.700–0.832) -0.005 (0.020) 0.787

Experienced 0.808 (0.746–0.871) 0.818 (0.758–0.878) 0.010 (0.018) 0.593

All 0.788 (0.744–0.833) 0.791 (0.746–0.836) 0.006 (0.013) 0.844

Percentage probability
of malignancy

Novice 0.779 (0.718–0.840) 0.784 (0.722–0.847) 0.005 (0.018) 0.771

Experienced 0.812 (0.750–0.873) 0.828 (0.768–0.887) 0.016 (0.019) 0.391

All 0.794 (0.750–0.838) 0.806 (0.762–0.849) 0.012 (0.013) 0.376

CI confidence interval
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performed using the SPSS software (version 23.0, Statistical
Package for the Social Sciences, Chicago, IL). A p value of
< 0.05 was considered to be statistically significant.

Results

Of the 100 women (age range, 39–81 years; mean age,
52.5 years) selected for this study, 70 had biopsy-proven

breast cancer. The majority of patients had heterogeneous-
ly dense (n = 48) or extremely dense (n = 34) breast tissue,
while 15 patients had scattered areas of fibroglandular
density and three patients had almost entirely fatty
breasts. Nine of 100 women had undergone previous
breast operation. Among these 70 breast cancer patients,
the mean tumor size was 23.2 ± 15.3 mm (range, 6–
78 mm). The tumors were predominantly invasive ductal
carcinomas (59/70; 84.3%); others included 6 ductal car-
cinomas in situ, 2 invasive lobular carcinomas, 2 mucin-
ous carcinomas, and 1 metaplastic carcinoma. Of 70
breast cancers, 51 lesions appeared as a mass on DBT,
10 as mass with calcification, 4 as calcification without
an accompanying mass, 1 as an architectural distortion,
and 1 as an asymmetry. The remaining 3 lesions were
invisible at DBT due to overlapping dense breast tissue.

Table 1 summarizes the AUCs by scale and expertise
(Figs. 1 and 2). Results across interpretative scales were
remarkably consistent. For the BI-RADS scale, the average
AUCs across readers were 0.778 with CAD (95% CI,
0.733–0.822) and 0.776 without CAD (95% CI, 0.732–
0.821). The difference in AUC with and without CAD was
not statistically significant, and the results were consistent
with the results obtained on using the probability of malig-
nancy and percentage probability of malignancy scales.

Table 2 summarizes the reader-specific AUCs for the prob-
ability of malignancy scale, and Fig. 3a and b shows these
curves. Although there were variations in the AUC values
between the novice and experienced readers, results obtained
with CAD were consistent in all readers. Almost identical
results were observed for the BI-RADS and percentage prob-
ability of malignancy scales (image not shown).

Fig. 1 Digital breast tomosynthesis images in a 55-year-old woman with
an invasive ductal carcinoma show a spiculated mass in craniocaudal (a)
and mediolateral oblique (b) views, with superimposed CAD markers
(squares)

Fig. 2 A 51-year-old womanwith a 7-mm invasive ductal carcinoma that was not detected byCAD.Arrows inmediolateral oblique (a) and craniocaudal
(b) images indicate the location of the lesion, not CAD markers
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The average reading time of radiologists to review a DBT
examination per case was 72.07 s (SD, 37.54 s) in the absence
of CAD and 62.03 s (SD, 34.38 s) in the presence of CAD
(Table 3). The average difference in reading time was a statis-
tically significant decrease by 10.04 ± 1.85 s (standard error;
p < 0.001) on using CAD, providing 14% decrease in time.
The effect of reducing the reading time was consistently
shown to the novice (p = 0.007) and experienced readers
(p < 0.001).

Summary measures of diagnostic accuracy are presented in
Table 4 for the modified BI-RADS scale (dichotomized at

category 3 or less vs 4 or higher). The differences in sensitiv-
ity, specificity, PPV and NPV with and without the use of
CAD were not statistically significant, and the results were
consistent in both the novice and experienced readers.

Discussion

This reader study evaluated a new DBT-CAD system to com-
pare the diagnostic performance and interpretation time with
and without CAD. The main finding of this study is that the

Table 2 AUC for each reader with and without CAD using each scale

Scales Reader no. Average AUC (95% CI) Difference (standard error) p value

Without CAD With CAD

BI-RADS Novice 1 0.718 (0.621–0.815) 0.755 (0.661–0.848) 0.037(0.026) 0.158

2 0.785 (0.702–0.868) 0.764 (0.674–0.853) -0.021 (0.034) 0.530

Experienced 3 0.787 (0.698–0.875) 0.801 (0.716–0.887) 0.015 (0.025) 0.566

4 0.802 (0.716–0.888) 0.770 (0.671–0.860) -0.031 (0.028) 0.257

Probability of
malignancy

Novice 1 0.769 (0.680–0.857) 0.787 (0.698–0.876) 0.018 (0.021) 0.378

2 0.791 (0.706–0.876) 0.771 (0.680–0.863) -0.020 (0.031) 0.527

Experienced 3 0.803 (0.709–0.898) 0.840 (0.756–0.924) 0.036 (0.028) 0.189

4 0.809 (0.723–0.895) 0.785 (0.695–0.874) -0.024 (0.026) 0.341

Percentage probability
of malignancy

Novice 1 0.769 (0.681–0.858) 0.790 (0.702–0.877) 0.021 (0.018) 0.263

2 0.794 (0.711–0.878) 0.778 (0.686–0.870) -0.016 (0.032) 0.615

Experienced 3 0.816 (0.725–0.907) 0.852 (0.770–0.933) 0.036 (0.027) 0.185

4 0.801 (0.715–0.887) 0.791 (0.699–0.883) -0.010 (0.027) 0.708

CI confidence interval

Fig. 3 Receiver operating characteristic curves with (a) and without (b) concurrent computer-aided detection for the probability of malignancy scale
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use of concurrent CAD system for DBT does reduce interpre-
tation time significantly without a loss of diagnostic perfor-
mance in cancer detection. This observation was consistent for
both novice and experienced readers.

Because there are more images to review, it is not surpris-
ing that the mean time to interpret DBT images increases. One
may reconstruct DBT data to read by selecting different slice
thicknesses. For example, if a 1-mm thickness is chosen for a
50-mm compressed breast, there will be 50 slices for the radi-
ologist to review. Reconstructing the image to a thickness of
0.5 mmwill result in 100 images to be reviewed. Studies have
shown that addition of DBT to FFDM results in a twofold
increase in time to interpret images compared with the use
of FFDM alone [9, 12]. This additional interpretation time is
a substantial consideration for radiologists who read large vol-
ume of screening examinations.

In this study, we demonstrated that the reading time to
review a DBTexamination was significantly reduced on using
CAD system, with an average difference of 10.04 ± 1.85 s.
Notably, we also found that reduction in interpretation time
was consistently observed in novice and experienced readers.
Our findings are similar to those reported by Benedikt et al
[13]. In that study, 240 DBT cases with 68 malignancies were
reviewed using a CAD system. The authors reported a 29.2%
reduction in reading time in the presence of CAD. They also
reported that the radiologist’s performance with CAD was
non-inferior to that without CAD.

The interpretation times in our study were longer than those
in previous studies [13, 14], and in these studies, the reading
times were reported as 48–65 s in the absence of CAD and 39–
46 s in the presence of CAD. In comparing our methods with
those of previous studies, a few possible explanations could be
considered. First, our DBT review workstation is different
from theirs (IDI MammoWorkstation, GE Healthcare).
Second, the proportion of breast cancer cases in our study
was higher than that in the previous studies (61/240, 25%
[13]; 23/80, 29% [14]). Although the differences may be not-
ed for specific parameters, the overall conclusions remain the
same.

Over the last few years, mammography has been moving to
the DBT as they had evolved from film-screen to full-field
digital mammography (FFDM). DBT has been shown to over-
come the limitations of digital mammography, mainly by re-
ducing the effects of tissue overlap [21–23]. Previous investi-
gations of DBT have reported that DBT in combination with
FFDM offers the dual benefit of significantly increased diag-
nostic accuracy and reduced recall rates for non-cancer cases,
compared with FFDM alone [9–11, 24–26]. To take advantage
of the time-reducing benefits of DBT-CAD, it is important that
radiologist’s performance in breast cancer detection does not
deteriorate. In our current study, the AUC values of DBT inter-
pretation studies for the detection of malignant lesions using the
CAD system are not significantly different from the AUC
values obtained without using the CAD system. Differences

Table 3 Average reading time
(seconds) with and without CAD
per case

Reader Reading time (SD) Difference (standard error) p value

Without CAD With CAD

Novice 70.83 (45.56) 62.06 (42.04) 8.77 (3.19) 0.007

Experienced 73.31 (27.32) 62.01 (24.53) 11.31 (1.88) < 0.001

All 72.07 (37.54) 62.03 (34.38) 10.04 (1.85) < 0.001

SD standard deviation

Table 4 Performance for novice and experienced readers with and without CAD using modified BI-RADS scale

Reader Sensitivity Specificity Positive predictive value Negative predictive value

Novice Without CAD 0.743 (0.664–0.808) 0.667 (0.539–0.774) 0.825 (0.753–0.880) 0.524 (0.418–0.628)

With CAD 0.771 (0.695–0.834) 0.667 (0.539–0.774) 0.825 (0.752–0.880) 0.524 (0.418–0.628)

p value 0.246 1 0.753 0.352

Experienced Without CAD 0.807 (0.733–0.864) 0.667 (0.539–0.774) 0.827 (0.757–0.881) 0.584 (0.472–0.689)

With CAD 0.800 (0.726–0.858) 0.667 (0.539–0.774) 0.827 (0.756–0.881) 0.584 (0.472–0.689)

p value 0.739 1 0.942 0.788

All Without CAD 0.775 (0.722–0.820) 0.667 (0.578–0.745) 0.826 (0.777–0.866) 0.553 (0.475–0.628)

With CAD 0.786 (0.734–0.830) 0.667 (0.578–0.745) 0.826 (0.778–0.866) 0.553 (0.475–0.628)

p value 0.512 1 0.873 0.598

Note: Data in parentheses indicate the 95% confidence intervals
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in per-case sensitivity and specificity were not statistically sig-
nificant in the presence or absence of CAD system. One note-
worthy finding is that these results were consistent across three
different rating scales. We also found that results obtained from
using CADwere similar regardless of the level of experience of
the reader. Although the impact of adding DBT to FFDM on
the diagnostic performance may vary according to the experi-
ence level of readers [27], the effect of CAD in DBT interpre-
tation could be consistent regardless of their experience. In this
study, the novice readers performed as well as the experienced
readers in all aspects with and without CAD. This could be
explained as the number of proven cancer in the data set is high
(70 out of 100), and the tumor size is quite large (average
23.2 mm in size).

This study had several limitations. First, this was a reader
study with a small sample size. Second, the data set for this study
included only a limited portion (14%) of patients for screening
and a large number of cancer patients (70%). The proportion of
patients in our study was different from those in the general
population, and this was probably because the study was con-
ducted at a single tertiary referral center. Because the incidence of
breast cancer is low in the general screening population, a pro-
spective study design will require much larger sample sizes.
Next, reader variability may be an issue. However, the results
of this study were similar for experienced and novice readers and
were consistent across three different scales. Lastly, because we
assessed the presence or absence of cancer in the DBT interpre-
tation, real life would requiremore time to examine for additional
findings other than the most obvious cancer. In conclusion, this
reader performance study enrichedwith cancer cases showed that
use of concurrent DBT-CAD system shortens interpretation time
without the loss of diagnostic performance to novice and expe-
rienced readers, and therefore improves the efficiency of DBT
interpretation. Further studies are necessary to validate and gen-
eralize the findings of the current study to the overall population.
And it would need to validate these findings using other CAD
systems as well.
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