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Background: Artificial intelligence-based computer assisted diagnosis (AI-CAD) has been shown to improve
the diagnostic performance of breast cancer diagnosis on mammography. We evaluated the diagnostic
performances of AI-CAD and the conventional CAD through a one-on-one comparison.

Materials and Methods: From January to December 2017, of 997 women who visited a health examination
center to undergo screening mammography, 978 had normal or benign results with stable follow—up
for two years and 19 had cancer diagnosed within the two years of follow—up. Conventional CAD was
applied when performing mammography and AI-CAD was retrospectively applied. We compared the
diagnostic performances of the two CADs used and did a case-level comparison for immediately and
delayed diagnosed cancers.

Results: Standalone AI-CAD presented significantly higher specificity (92.7% vs. 48.7%, P <0.001), PPV
(14.5%, 2.3%, P <0.001), and accuracy (92.2% vs. 48.9%, P <0.001) than conventional CAD. For 978
women without breast cancers, conventional CAD presented at least one mark for 502 women (51.3%),
which was significantly higher than AI-CAD for 71 women (7.2%). AI-CAD correctly localized three
cancers among eight delayed diagnosed cancers, and conventional CAD detected two of them.

Conclusion: AI-CAD showed better diagnostic performance than conventional CAD, by lowering the
number of false—positive results with higher specificity.
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Mammography is the standard modality for

benefits since its introduction 30 years ago (1-
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3). To overcome variability in sensitivity, which is
probably due to the intrinsic limitation of screening
mammography being a 2-dimentional projection
and reader dependent, conventional computer—
aided detection/diagnosis (CAD) was developed
and widely applied to reduce the frequency of
lesions overlooked by the interpreting radiologist(4).
Conventional CAD has been met with positive
reviews in initial studies as cancer detection rates
have increased with its use (5-7). However, in
subsequent large—scale studies, conventional
CAD did not significantly improve diagnostic
performance, although it lowered specificity and
positive predictive values (8-10). A recent study
found sensitivity to be lower in the subset of
radiologists using CAD (11). Still, a major pitfall of
conventional CAD is the high rate of false—positive
markings which can overload the interpreting
radiologist and cause unnecessary additional exams
to be ordered for patients (12).

The primary distinguishing feature of conventional
CAD is that it uses hand-crafted features suggested
by professional radiologists to identify suspicious
lesions, while recently developed artificial intelligence—
based CAD (AI-CAD) is trained with image features
that are achieved by the algorithm itself based on a
large amount of digital mammography data (4, 13).
In retrospective studies, several AI-CAD algorithms
have improved the diagnostic performance of
radiologists without increasing the number of false—
positive recalls (14-16). However, there have not
been enough studies that directly compare the
performances of conventional CAD and AI-CAD
for related findings to be conclusive (17, 18).

In this study, we evaluated the stand—alone
diagnostic performance of AI-CAD and conventional
CAD through a one-on-one comparison in a
screening cohort. We also classified the diagnosis
of breast cancer according to detection time and
compared the results of both CADs.

Materials and Methods

This retrospective study was approved by the
institutional review board (IRB) of yongin severance
hospital, with a waiver for informed consent.

Study population

From January to December 2017, 6,575 women
visited a health examination center that was an
affiliated center of a tertiary institution to screen for
breast cancer. Among these women, we enrolled
19 patients who were diagnosed with breast cancer
within 2 years since their most recent screening
examination (the cancer group). For the normal/
benign group, we enrolled 994 women who visited
the health examination center between January
and June 2017 and who were followed for at least
2 years. Next, we excluded 10 patients without
available CAD results, and 6 patients with a prior
history of breast cancer. Therefore, 964 patients
with stable follow—up results for at least 2 years, and
14 patients with benign pathology after 14-gauge
core needle biopsy or vacuum-—assisted biopsy were
included. For the cancer group, 11 patients who
were diagnosed with breast cancer immediately after
initial mammography in 2017, and 8 patients who
were diagnosed with breast cancer later (delayed
diagnosis) within 2 years were included.

Finally, a total of 997 women were included in
our study; 19 cancer patients and 978 women with
normal breasts or breasts with benign disease (Fig. 1).

Mammography acquisition and interpretation

Screening mammography was obtained with
the bilateral mediolateral oblique (MLO) and
craniocaudal (CC) view using two dedicated digital
mammography units (Lorad Selenia, Hologic Inc.,
Danbury, CT, USA). Two radiologists (1 with
fellowship training in breast imaging, 1 general
radiologist) each with 9 and 3 years of experience
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6,575 consecutive women who visited the health examination center
from January to December 2017

l

19 patients with cancer
within 2 years

l

2,839 women without cancers who

were followed at least 2 years

I
2 v

994 women who visited
from January to June

1,845 women who visited
from July to December

Immediate diagnosis
(n=11)

Delayed diagnosis
(n=38)

l

Exclusion

Exclusion

No available CAD data (n = 10)
History of breast cancer surgery (n = 6)

k.

Stable follow-up for more than 2 years (n =964)
Benign biopsy results (n = 14)

Normal/Benign

997 women were included: 19 with cancer (including the 8 with delayed diagnosis) and 978 with
normal/benign findings

Fig. 1. Flow diagram for the study population.

in breast imaging independently interpreted the
screening mammograms based on the American
College of Radiology Breast Imaging—Reporting And
Data System (ACR BI-RADS) (19). Radiologists
could refer to the conventional CAD results on
demand when interpreting mammography. Breast
density was assessed according to a four—grade
system; grade A: almost entirely fat, grade B:
scattered areas of fibroglandular density, grade C:
heterogeneously dense, grade D: extremely dense
breast.

CAD systems for mammography

After the mammography examination,
conventional CAD (R2, version 8.3 and version
9.4, Hologic, California, USA) was automatically
applied through post—processing. Two different

versions of conventional CADs were embedded in
each mammography unit respectively. Conventional
CAD presented three kinds of markers according
to imaging findings on each mammographm; A
indicating microcalcifications, * indicating mass/
asymmetry, and + indicating combined features.

We retrospectively applied a Al-based diagnostic
support software dedicated to breast cancer
detection on digital mammography (Lunit INSIGHT
for Mammography, version 1.1.0.1, Lunit Inc.,
Seoul, Korea) (14), so AI-CAD was not used during
the initial mammographic interpretations. AI-CAD
provided circular marks on all suspicious findings
with an abnormality score of 10 or higher, and
a representative maximum score per breast. The
continuous abnormality score ranging between 0
to 100% represents the level of suspicion for breast
cancer being detected on that specific image.
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Statistical analysis

Ground truth was dichotomized into ‘breast cancer
and ‘normal/benign’ based on histopathologic
diagnosis via biopsy/surgery and stable follow-
up mammography for more than 2 years. Another
dedicated breast radiologist (S.E.L., 4 years of
experience) who did not take part in the original
interpretation retrospectively reviewed the serial
mammographic images of breast cancer patients
with the AI-CAD and conventional CAD results to
correlate the known cancer site and sites selected by
the two CADs. Those images with any mark were
considered to have ‘positive’ CAD findings. When
the markings by the two CADs correctly localized
the cancer, it was regraded as a true—positive finding.

We also counted the number of markings drawn
by the two CAD systems. An abnormality score of
10% was used as the cutoff threshold for AI-CAD
(13), and between abnormality scores calculated
for the right and left breast, the higher score was
chosen to represent each patient. For the false—
positive analysis, we counted the number of Al-
CAD and CAD marks per each mammographic
view, and per patient among women without breast
cancers. Since two different versions of conventional
CAD were used in our study, we compared the
number of false-positive marks between them using
the Mann-Whitney U test.

We compared sensitivity, specificity, positive
predictive value (PPV), negative predictive value
(NPV) and accuracy between AI-CAD and CAD
using the generalized estimated equation. All
analyses were conducted using SAS statistical
software (version 9.2, SAS Inc., Cary, NC,
USA). P<0.05 was considered to have statistical
significance.

Result

A total of 997 Asian women were included (mean
age, 52 = 10 years). More than 80% of women

had dense breasts. Original interpretation and final
pathology are shown in Table 1.

Comparison between the two different
versions of conventional CAD

Among 997 women, 484 (48.5%) were analyzed
by the prior version of conventional CAD
(Imagechecker, version 8.3, R2 technology) and 513
(51.5%) by the updated version (version 9.4). There
was no statistically significant difference in the
number of false—positive markings made between
the two versions, however, the prior version of
conventional CAD showed better specificity and
accuracy: specificity 52.7% (250/474) vs. 44.8%
(226/504), P=0.014; accuracy 53.1% (257/484) vs.
45.0% (231/504), P=0.01. Sensitivity, PPV and NPV
were not statistically different between the two
conventional CADs.

Comparison of diagnostic performance
between AI-CAD and CAD

In 997 women consisting of 19 breast cancer

Table 1. Demographics for the study population

Numbers

No. women 997
Mean age (years) 52 + 10 years
Mammography density

Entire fatty 13 (1.3%)

Scattered 157 (15.7%)

Heterogeneous 486 (48.7%)

Extreme dense 341 (34.2%)
Initial mammography interpretation

BI-RADS 1,2 960 (96.3%)

BI-RADS 3 5(0.5%)

BI-RADS 0 32(7.7%)
Final pathology

Benign with follow-up 964 (96.7%)

Benign with biopsy 14 (1.4%)

DCIS 7 (0.7%)

Invasive cancer 12 (1.2%)
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patients and 978 women without breast cancers,
AI-CAD presented significantly higher specificity
(92.7% vs. 48.7%, P <0.001), PPV (14.5%, 2.3%, P
<0.001), and accuracy (92.2% vs. 48.9%, P <0.001)
than conventional CAD.

In 978 women without breast cancers,
conventional CAD presented at least one mark on
502 women (51.3%) with 1.12 marks per patient
on average (Table 3). On the other hand, AI-
CAD presented marks on images for only 71
women (7.2%) with 0.11 marks per patient on
average, a number significantly lower than that
for conventional CAD. In conventional CAD, the
mean number of markers for microcalcifications
(A), mass/asymmetry () or their combination (+)
per woman was 0.52, 0.58 and 0.03, respectively.
Seventy—one women with false—positive results on
AI-CAD presented a mean abnormality score of 28

Table 2. Diagnostic performance of Al-CAD and
conventional CAD (CAD) for 997 patients

CAD (%, CI) AI-CAD (%, Cl)  P-value
Sensitivity 63.2 63.2 10
(12/19,38.4-83.7) (12/19,38.4-83.7) ’
Specificity 487 92.7 <0.001
(476/978,45.5-51.9) (907/978,90.9-943) "
PPV 23 14.5
(12/514,1.7-3.3)  (12/83,10.1-20.3) <0.001
NPV 98.6 99.2 0286
(476/483,97.4-99.2) (907/914,98.6-99.6)
Accuracy 48.9 92.2

(488/997,45.8-52.1) (919/997,903-93.8) 0"

Cl = confidence interval, PPV = positive predictive value, NPV =
negative predictive value

Table 3. Number of false-positive markings per patient in
978 women without breast cancers compared between
Al-CAD and conventional CAD

No. markers  CAD (No. women)  AI-CAD (No. women)
0 476 (48.7%) 907 (92.7%)
1 243 (24.8%) 44 (4.5%)
2 125 (12.8%) 7 (1.7%)
More than 3 134 (13.7%) 10 (0.1%)
Average 1.12 0.11
(per woman)

One—on—One Comparison Between Conventional CAD and AI-CAD Applied to Screening Mammography

(range 10-95). Fig. 2 shows the most contrasting
case between the two CADs, with 15 markers on
conventional CAD but no markings on AI-CAD.

Breast cancer cases

A total of 19 cases of breast cancer were diagnosed
at initial visit and during 2 years of follow-up (Table
4). Among 11 immediately diagnosed cancers, Al-
CAD recognized 9 with abnormality scores ranging
from 27 to 99 o with correct localization. Two
cancers missed by AI-CAD were diagnosed as BI-
RADS 2 on initial interpretation and diagnosed
through concurrent screening US examinations.
Conventional CAD detected 10 of the 11 cancers,
with one more cancer being detected than AI-CAD
(Fig. 3, 4).

Among 8 patients who were diagnosed with
delayed breast cancers, five were diagnosed with
breast cancer before their regular screening (Table 5).
One patient had a lesion first assessed as BI-RADS
3 due to microcalcifications that was then diagnosed
as ductal carcinoma in situ at the 6-month follow—
up. Both AI-CAD and conventional CAD marked

Table 4. Results of AI-CAD and conventional CAD (CAD)
for the 11 cancers that were immediately diagnosed by
radiologists

Case/Age MG BI-RADS AI-CAD (score) CAD
1/45 Category 0 Yes (40) Yes
2/58 Category 0 Yes (27) Yes
3/47 Category 0 Yes (97) Yes
4/61 Category 0 Yes (99) Yes
5/44 Category 0 Yes (83) Yes
6/48 Category 0 Yes (98) Yes
7/52 Category 0 Yes (96) Yes
8/57 Category 0 Yes (91) Yes
9/44 Category 0 Yes (97) Yes

10/74* Category 2 o(1) No
11/47*% Category 2 0(0) Yes

*Detected by concurrent screening uItrasound

MG = mammography, BI-RADS = Breast Imaging-Reporting and
Data System, AI-CAD = artificial-intelligence computer-assisted
diagnosis, C-CAD = conventional-computer assisted diagnosis
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Fig. 2. A 40-year-old woman underwent screening mammography. A radiologist diagnosed the lesion as BI-RADS 2 due to
benign microcalcifications on mammography, and no lesion newly developed on follow-up screening mammography and
ultrasound after 2 years. (a) Conventional CAD drew a total of 15 markers on mammography. (b) AlI-CAD did not indicate
anything specific on this mammography.

Table 5. Population demographics and results of Al-CAD and conventional CAD (CAD) for the 8 cancers that were
delayed diagnosed after initial mammography

Cases/Age Initial MG Initial US AI-CAD CAD Diagnosis interval Detecti.on
BI-RADS BI-RADS (score) (month) modality
Interval cancers
1/43 Category 3 Category 3 Yes (31) Yes 5 MG and US
2/51 Category 2 Not done Yes (72) Yes 9 MG and US
3/37 Category 2 Not done Yes (47) No 15 MG and US
4/50 Category 2 Not done No (3) No 8 us
5/46 Category 2 Not done No (1) No 1 Microdochectomy
Cancers detected at
next screening round
1/48 Category 0 Category 3 No (2) No 16 MG
2/51 Category 1 Category 2 No (0) No 23 MG and US
3/45 Category 1 Category 2 No (0) No 18 us

MG = mammography, US = ultrasound, BI-RADS = Breast Imaging-Reporting and Data System, AI-CAD = artificial-intelligence computer-
assisted diagnosis, C-CAD = conventional-computer assisted diagnosis
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C d

Fig. 3. A 47-year-old patient diagnosed with invasive ductal carcinoma in the right breast. Her initial mammography
interpretation was BI-RADS 2, but was diagnosed by concurrent screening ultrasound. (a) Al-CAD did not recognize the cancer
site (arrow). (b) Conventional CAD correctly marked the cancer at the RMLO view. (c-d) The known malignancy on the right
breast at 9 o'clock on US and MRI.
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Fig. 4. A 61-year-old patient diagnosed with invasive ductal carcinoma in her left breast, which presented as suspicious mass
with microcalcifications in her left upper center to outer breast (a). Both conventional CAD (b) and AI-CAD (c) indicated a

similar extent of suspicious findings.

the delayed diagnosed site on initial mammography,
and the abnormality score of AI-CAD was 31. Four
patients revisited the hospital with new symptoms,
and AI-CAD drew markers for two of them on their
initial mammography at the site of the developed
cancer. One of them also had markings on the same
site drawn by conventional CAD, and this patient
was regarded as a case of missed breast cancer on
retrospective review.

The remaining 3 patients were diagnosed with
breast cancer on the next screening mammography
or ultrasound examination performed within 2
years of the initial screening examination. In the
retrospective review done by radiologists, all of the
cancers were occult on initial mammography. None
of them were marked by AI-CAD, but conventional
CAD had false—positive marks for 2 of the 3
patients.

Discussion

The most unfortunate drawback of conventional
CAD for screening mammography is the exhausting
number of false-positive markings which curtails
its ability to improve cancer detection. The
number of false—positive results decreased with
AI-CAD compared to conventional CAD was
beyond expectations in our study, with sensitivity
maintained.

Conventional CAD gave marks for more than
half of the women without cancers, while Al-
CAD surprisingly presented positive results on
7% of them, which was a percentage even less
than the benchmark of recall rates for screening
mammography in BI-RADS. This result suggests
that AI-CAD will be a time saver for radiologists
by reducing misleading results (12). Conventional
CAD is trained by hand-crafted features which
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are suggested by professional radiologists, and
can subsequently be biased by the way a human
professional interprets images. However, AI-CAD
self-trains with correct answers and has shown
superior diagnostic performance in a previous large—
scale study (18). Also, a prior study found findings
similar to ours, by reporting a 69% reduction in
false-positive markings when another AI-CAD was
compared to another conventional CAD (17).

To evaluate the role of CADs in interval cancer
detection or cancer prediction, we included patients
who were diagnosed with breast cancer 24 months
after undergoing screening mammography. This
inevitably decreased the sensitivity of both CADs,
but we found that three of the five interval cancers
could be detected on screening mammography.
Conventional CAD also detected two interval
cancers, which had been ignored at initial
interpretation. The two CADs showed a similar
level of sensitivity, and detected more cancers than
radiologists.

In addition, we compared two different versions
of conventional CADs. Unfortunately, the updated
version of conventional CAD did not show
improvement. One of the advantages of AI-CAD is
that additional training can make it much smarter
than conventional CAD with more qualified big
data being collected and used to train the AI-CAD
system. Thus, we anticipate better performances for
later versions of AI-CAD as future updates to the
system are expected to continuously improve its
overall performance.

There were some limitations to our study. First,
this was a retrospective study performed in a single
screening center. Second, since AI-CAD can
present a single area with multifocal abnormalities,
simply counting the number of markings is
disadvantageous for conventional CAD. However,
the fact that a much higher portion of women
without cancers had negative AI-CAD results is
still meaningful. Third, we used one commercial
AI-CAD and two conventional CAD programs,

and our results cannot be directly generalized to
other platforms without further comparative studies.
Lastly, we included normal/benign and cancer
groups from different time periods due to the very
small number of cancers, and the small quantity
of data being collected could have affected the
assessment of diagnostic performances, especially
for sensitivity.

In conclusion, AI-CAD showed better diagnostic
performance than conventional CAD, especially for
lowering false—positive results with higher specificity.
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