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Comparison of Diagnostic Performances among Different Interpretation
Schemes for Screening Mammography: A simulation study
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Purpose: To compare the diagnostic outcomes of different interpretation schemes simulated for interpreting
screening mammography, adding AI-CAD vs. a second human reader to a single human reader, using
a consecutive, screening study sample.

Materials and Methods: Between January 2018 and January 2019, 2,385 digital mammograms of 2,385
consecutive women (mean age: 50.0 £9.5 years) were included. As single reading is routine in our
practice, interpretation reports were used as data for single reading. To simulate double reading, a
second reader independently reviewed the screening mammograms with access to the interpretation
reports. To simulate single reading interpretation with AI-CAD, one of the first readers re—evaluated the
mammography images with positive AI-CAD results. Ground truth in terms of cancer/benign or absence
of abnormality was confirmed according to histopathologic diagnosis or at least 1 year of follow—up.

Results: Among the 2385 mammograms, 6 (0.3%) were cancers, 32 (1.3%) were biopsy-confirmed benign,
and 2347 (98.4%) were negative examinations. Reader 1+AI-CAD had significantly higher recall rates
compared to reader 1, 2.6% (95% confidence interval [95% CIJ: 2.0-3.3) vs. 2.4% (95% CI: 1.7-3.0)
(p=0.008), respectively, that was lower than reader 1+2, 3.1% (95% CI: 2.4-3.8) (P=0.010). Specificity
and accuracy were significantly higher in reader 1 compared to both reader 1+2 and reader 1+AI-CAD
(all p<0.03, respectively). Reader 1+AI-CAD had significantly higher specificity (97.6% vs. 97.1%) and
accuracy (97.5% vs. 97.0%) compared to reader 1+2 (p=0.010), respectively. High proportion of false-
positive findings detected by AI-CAD were distortions, while calcifications were mostly the cause for
false—positive findings detected by the readers.

Conclusion: Adding readers, either AI-CAD or human second readers, results in higher recalls with
significantly lower specificity and accuracy compared to a single human reader. When comparing the
effect of adding AI-CAD vs. human second reader, AI-CAD had significantly lower recall and higher
specificity and accuracy compared to the scheme of two human readers.
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Introduction

Breast cancer is the most common cause of death
for women worldwide (1). In order to detect breast
cancers at a treatable stage, breast cancer screening
using mammography has been implemented in
many countries, resulting in approximately 20%
reduction in breast cancer-related mortality (2).
Although the use of mammography in breast cancer
screening has proven effective, several drawbacks
of mammography have also been recognized:
1) false-positive recalls where the reader recalls
abnormalities that are eventually proven as benign
and 2) false—negative interpretation where the cancer
is either overlooked by the reader or interpreted
erroneously. These limitations are the focus of our
investigation to improve the efficiency of screening
mammography by reducing the economic and
emotional burdens of screening for patients while at
the same time detecting cancers before they become
untreatable.

To enhance the outcomes of screening
mammography, various screening protocols have
been applied in different countries according to the
availability of medical resources, such as increasing
screening frequencies, using supplementary imaging
modalities, or adding readers. For instance, the
European Guidelines recommend ‘double reading’,
i.e., screening mammograms being interpreted
independently by two readers to reduce recalls
and improve diagnostic sensitivity (3), while
many other countries including the United States
accommodate ’single reading’ with or without the
aid of computers (4). Both interpretation strategies
have their pros and cons. Double reading requires
a considerable amount of medical resources, while
single reading leaves patients at risk for increased
recalls or missed cancers. Computer—assisted
detection/diagnosis (CAD) algorithms have emerged
as a possible solution for providing interpretive
assistance or even as a substitute reader, with these
roles strengthening with continuous developments

in artificial intelligence (AI) technology. Studies
have shown that AI-CAD for mammography
improves interpretive performance when used by
the radiologists (5, 6). In this aspect, little has been
evaluated on the strengths and weaknesses among
different interpretation schemes, and especially
when using AI-CAD.

In this background, we compared the diagnostic
outcomes of different interpretation schemes
simulated for interpreting screening mammography,
adding AI-CAD vs. a second human reader to a
single human reader, using a consecutive, screening
study sample.

Materials & Methods

This retrospective study was approved by the
institutional review board (IRB) of Severance
Hospital, Seoul, South Korea, with a waiver for
informed consent.

Study sample

Between January 2018 and January 2019, 2,635
consecutive women underwent mammograms for
screening purposes at a single screening facility.
We excluded women who had a personal history
of breast cancer and surgery (n=41), augmented
mammoplasty (n=34), clip insertion after biopsy
(n=4), interstitial or autologous fat injection
(n=3), and pacemaker implantation (n=1). Also,
we excluded women who were younger than 35
years old (n=115), were not followed (n=40), and
did not have bilateral mammograms available
(n=12). Finally, 2,385 bilateral, four-view digital
mammograms of 2,385 women who underwent
breast cancer screening were included in this study.
The mean age of the 2,385 women was 50.0 £9.5
years (range, 35-85 years). The mean follow-up
interval after the mammography examination was
13.4 + 3.1 months (range, 0-27.2 months).
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Mammography acquisition and interpretation

Screening mammography was obtained with the
bilateral routine mediolateral oblique (MLO) and
craniocaudal (CC) views using a dedicated digital
mammography unit (Lorad Selenia, Hologic Inc.,
Danbury, CT, USA). Two radiologists (1 with
fellowship training in breast imaging and 1 general
radiologist) with 9 and 3 years of experience in
breast imaging, respectively individually interpreted
the screening mammograms using the American
College of Radiology Breast Imaging Reporting And
Data System (ACR BI-RADS) final assessments
(7). Single reading is currently routine protocol
for mammography interpretation in Korea, and
medical records were retrospectively reviewed for
the interpretation results which were used as the
analytic data for the first reader, ‘reader 1’ (Fig.
1). For breast parenchymal density, a four-grade
system was used; grade A: almost entirely fat, grade
B: scattered areas of fibroglandular density, grade

C: heterogeneously dense, and grade D: extremely
dense breast (7).

Al-based Clinical Decision Support Software
for Mammography

AI-CAD dedicated to breast cancer detection
on digital mammography (Lunit INSIGHT for
Mammography, version 1.1.0.0, Lunit Inc.,
Seoul, Korea) was used for image processing.
Deep convolutional neural networks (CNNs) were
used to develop this software, and it was trained
and validated with over 170,000 mammography
examinations and tested with a separate external
mammography dataset (7, 8). The AI-CAD software
provides per—breast malignancy scores with four-
view region-of-interests, "AI-CAD marks’, for
suspicious lesions on each input mammogram.
Along with the AI-CAD marks, the software
provides a continuous abnormality score ranging
between 0 — 100% (100% meaning high likelihood

— Single Reading

Reader 1
+ Interpretation results
from medical record

Reader 2
Independent review with
access to interpretation

Al-CAD
Abnormality score higher
than 10% considered

review of reader 1 positive
 Adding Readers
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2385 screening Reader 1+AI-CAD
Ll L Reader 1 Al-CAD

Interpretation results
from medical record
review

Reader 1+Reader 2

Reader 1
Interpretation results
from medical record
review

A

Reader 2
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data of Reader 1
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Fig. 1. Diagram showing the workflows of single reading and schemes adding Al-CAD or a second human reader in this study.
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for cancer being present in the breast) for each
breast that represents the suspicion level of the
abnormality detected in that breast on imaging.

Simulation of double reading and AlI-CAD
integration in mammography interpretation

To simulate double reading, a second reader,
‘reader 2’ (JLH.Y., 14 years of experience in breast
imaging) independently reviewed the mammograms
of the study sample with access to the interpretation
reports of reader 1. Since this study was of
retrospective design using mammography images
already interpreted in the past, a discussion for
consensus was not possible. Instead, one of
the interpreting radiologists (H.J.S., 9 years of
experience in breast imaging) re—evaluated the
mammography images of cases with discordant
interpretations between readers 1 and 2 and called
the final conclusion that were analyzed as data
from ’‘reader 1+2’. To simulate interpretation
with AI-CAD, this same radiologist re—evaluated
the mammography images with positive Al-
CAD results. After reviewing AI-CAD marks and
abnormality scores, reader 1 chose to either change
or maintain the initial interpretation, and the final
conclusions were analyzed as data from ’reader
1+AI-CAD’ (Fig. 1).

Data and Statistical Analysis

Ground truth in terms of cancer, benign diagnosis
or absence of abnormality was confirmed according
to histopathologic diagnosis via biopsy/surgery or
at least 12 months of follow—-up. As the ACR BI-
RADS final assessment categories were used for
mammography interpretation, BI-RADS categories
1 and 2 were classified as 'negative’, and BI-RADS
categories 0, 3, 4 and 5 were classified as 'positive’.
For statistical analysis, breast parenchymal density
was dichotomized as ‘fatty’, including grades A
and B, and ’dense’, including grades C or D (7).

Abnormality scores calculated by AI-CAD were
dichotomized as ’positive’ and 'negative’ using a
threshold value of 10% (8). The following diagnostic
metrics were calculated for the individual readers,
AI-CAD, and double reading settings: recall rates
(number of positive assessments divided by all
examinations), sensitivity, specificity, and accuracy.
Generalized estimated equation (GEE) methods
were used to compare performance metrics between
individual readers, AI-CAD, and combined reading
settings.

All analyses were conducted using SAS statistical
software (version 9.2, SAS Inc., Cary, NC, USA).
p<0.05 was considered to indicate statistical
significance.

Results

Among 2,385 mammograms, 6 (0.3%) were cancer,
32 (1.3%) were biopsy—confirmed benign lesions,
and 2,347 (98.4%) were negative examinations. The
mean follow—up interval of the negative/benign
examinations was 13.5* 3.1 months (range, 12.1
to 27.2 months). Of the 6 cancers, 3 were ductal
carcinoma in situ (DCIS) and 3 were invasive
cancers (2 invasive ductal carcinoma and 1 invasive
lobular carcinoma). Of the 2,385 mammograms,
2,329 (97.7%) were initially assessed as negative and
the remaining 56 (2.3%) were assessed as positive
by the interpreting radiologists (Table 1). The AI-
CAD abnormality score was <10% in 2,355 (94.5%)
and =10% in 130 (5.5%). Supplementary screening
ultrasonongraphy (US) examinations are commonly
performed in Korea, and 1,396 (58.5%) of the
mammography examinations had corresponding US
examinations performed.

Table 2 summarizes the clinicopathologic features
of the 6 cancer examinations included in this
study. Two of the 6 cancer examinations were
recalled by the interpreting radiologist due to the
presence of mass and distortions, of which the
abnormality score of AI-CAD was 89.11% and
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Table 1. Patient Characteristics and Imaging Features Among the 2,385 Screening Mammograms Included in this Study

Negative Benign Cancer Total
(n=2,347) (n=32) (n=6) (n=2,385)
Age
<50 years 1,107 (47.2) 19 (59.4) 2(33.3) 1,128 (47.3)
>50 years 1,240 (52.8) 13 (40.6) 4 (66.7) 1,257 (52.7)
Parenchymal density*
Fatty breast 315(13.4) 3(94) 1(16.7) 319(13.4)
Dense breast 2,032 (86.6) 29 (90.6) 5(83.3) 2,066 (86.6)
Initial BI-RADS'
Negative 2,308 (98.3) 20 (62.5) 1(16.7) 2,329 (97.7)
Positive 39(1.7) 12(37.5) 5(83.3) 56 (2.3)
Al-CAD Abnormality
score
<10% 2,223 (94.7) 28 (87.5) 4 (66.7) 2,255 (94.5)
>10% 124 (5.3) 4(12.5) 2(33.3) 130 (5.5)
US Examinations
No US 985 (42.0) 4(12.5) 0(0.0) 989 (41.5)
US at screening 1,362 (58.0) 28 (87.5) 6 (100.0) 1,396 (58.5)
Percentages are in parentheses, BI-RADS: Breast Imaging Reporting And Data System, US: ultrasonography
*: fatty breast including grades A and B, dense breast including grades C and D
' negative including BI-RADS 1 and 2, positive including BI-RADS 0, 3, 4, and 5
Table 2. Summary of the Clinicopathologic Features of the 6 Cancer Examinations with Mammography
Breast  BI-RADS Al _ Cancer diagnosis . Cancer Axilla
No. Age parenchymal assessment Reason for Abnormality interval after screening Pqthologm size lymphnode
density*  forreader 1 recall score (%) mammography diagnosis (mm) metastasis
(months)
1 49 Grade C 0 Calcifications 0.27 1.2 DCIS 31 -
2 46 Grade C 1 No recall : US 0.30 0.7 DCIS 15 -
detected
3 53 Grade D 0 Calcifications 2.13 1.2 DCIS 25 -
4 51 Grade C 0 Asymmetry 5.61 0.5 ILC 15 No
5 64 Grade A 0 Mass 89.11 7.0 IDC 13 No
6 55 Grade C 0 Distortion 98.70 1.2 IDC 21 No

BI-RADS: Breast Imaging Reporting And Data System, Al: artificial intelligence, US; ultrasonography, DCIS: Ductal carcinoma in situ, ILC:

Invasive lobular carcinoma, IDC: Invasive ductal carcinoma
* According to the ACR BI-RADS

98.70%, respectively. Three cancer examinations
were recalled by the interpreting radiologists due to
the presence of asymmetry (n=1) and calcifications
(n=2), of which the abnormality scores were <10%.
One cancer case was not recalled by the two readers
or AI-CAD (abnormality score, 0.30%). The patient
in this case had undergone supplementary US on

which a 7 mm-sized ductal carcinoma in situ (DCIS)
was detected.

Comparison of performance metrics
according to different interpretation settings

Table 3 summarizes the performance metrics
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Table 3. Comparison of Interpretive Performances of Screening Mammography in Different Interpretation Strategies

) Single Reading Addition of Readers
Reader 1 Reader 2 AI-CAD  Reader 142 p* Reader 1+AI-CAD p p*
TP 5 5 2 5 - 5 - -
TN 2328 2326 2251 2309 - 2321 - -
FP 51 53 128 70 - 58 - -
FN 1 1 4 1 - 1 - -
Recall rates 2.348 2432 5.451 3.145 <0.001 2.642 0.008 0.010
(1.740-2.956) (1.814-3.050) (4.540-6.362) (2.444-3.845) (1.998-3.285)
Sensitivity 83.3 83.3 333 83.3 >0.999 83.3 >0.999 >0.999
(53.5-100.0) (53.5-100.0) (0.0-71.1)  (53.5-100.0) (53.5-100.0)
Specificity 97.9 97.8 94.6 97.1 <0.001 97.6 0.008 0.010
(97.3-98.4) (97.2-98.4) (93.7-95.5) (96.4-97.7) (96.9-98.2)
Accuracy 97.8 97.7 945 97.0 <0.001 97.5 0.008 0.010
(97.2-98.4) (97.1-98.3) (93.6-95.4) (96.3-97.7) (96.9-98.2)

95% confidence intervals are in parentheses

Al-CAD: artificial intelligence-based computer assisted diagnosis/detection, TP: true positive, TN: true negative, FP: false positive, FN: false
negative

*. comparison between Reader 1 vs. Reader 1+2

*: comparison between Reader 1 vs. Reader 1+AI-CAD

* comparison between Reader 1+2 vs. Reader 1+AI-CAD

Table 4. Distribution of False Positive Findings Detected by Readers and AI-CAD in Different Interpretation Schemes

Reader 1 AI-CAD Reader 1+2 Reader 1+ AI-CAD
Negative 0(0.0) 33(25.8) 0(0.0) 0(0.0)
Soft tissue lesions* 36 (70.6) 60 (46.8) 49 (70.0) 39(67.2)
Distortion 3(5.9) 18 (14.1) 3(4.3) 5(8.7)
Calcifications 10 (19.6) 12 (9.4) 14 (20.0) 12 (20.7)
Combined 2(3.9) 5(3.9) 4(5.7) 2(3.4)
Total 51 128 70 58

Percentages are in parentheses
*.including mass and asymmetry

for screening mammograms according to different 1+2 (p=0.010).

interpretation settings. When reader 1 was compared Specificity (97.9% vs. 97.1%) and accuracy (97.8%
to AI-CAD, AI-CAD alone had significantly  vs. 97.0%) were significantly higher in reader 1
higher recall rates compared to reader 1, 5.5% (95% compared to both reader 1+2 and reader 1+AI-CAD
confidence intervals (95% CIs) 4.5-6.4) vs. 2.4% (95%  (all p<0.05, respectively). Similarly, reader 1+Al-
CI: 1.7-3.0), respectively (p<0.001). Reader 1+2 had ~ CAD showed significantly higher specificity (97.6%
significantly higher recall rates than reader 1 alone, vs. 97.1%) and accuracy (97.5% vs. 97.0%) compared
3.1% (95% CI: 2.4-3.8) vs. 2.4% (95% CIL: 1.7-3.0)  to reader 1+2 (p=0.010), respectively.

(p<0.001), respectively. Reader 1+AI-CAD had

significantly higher recall rates compared to reader Summary of false—positive findings

1, 2.6% (95% CI: 2.0-3.3) vs. 2.4% (95% CIL: 1.7-  detected in different interpretation settings
3.0) (p=0.008), respectively. Reader 1+AI-CAD had

significantly lower recall rates compared to reader Table 4 summarizes the distribution of false-
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positive findings detected by readers or AI-CAD
in different interpretation settings. Soft tissue
lesions such as mass and asymmetry were the most
common causes for false-positive findings. High
proportion of false—positive findings detected by
AI-CAD were distortions, while calcifications were
mostly the cause for false—positive findings detected
by the readers (Fig. 2).

Discussion

In this simulation study, we investigated and
compared the diagnostic outcomes of different
interpretation schemes simulated for interpreting
screening mammography, single reading and
double reading by using AI-CAD and a second
human reader. Our study results showed that
adding readers, either AI-CAD or human second
readers, results in higher recalls with significantly
lower specificity and accuracy compared to a single
human reader. When comparing the effect of adding

AI-CAD vs. human second reader, AI-CAD had
significantly lower recall and higher specificity and
accuracy compared to the scheme of two human
readers.

Double reading was applied to overcome the
pitfalls of mammography, theoretically with
expectations that false-negative interpretation,
‘missed cancers’, and recalls for additional
investigation would decrease (7). Conflictingly, some
previous studies have claimed that double reading
shows lower recall rates (9, 10) while others have
reported higher recalls compared to single reading
(11). Our results are consistent with those prior
studies showing increased recall rates for double
reading compared to single reading. Since this was
a simulation study using retrospective interpretation
data, consensus discussion between the two readers
were not possible that may have been the cause for
the higher recall rates and lower specificity/accuracy
compared to interpretation results of a single human
reader.

80
70 ‘
60 ‘
50 |
|
40 B
30 B
20 I
10 | I
: | 1 1 I mm B
negative soft tissue distortion calcifications combined

M readerl mAI-CAD

M reader1+2

reader1+AIl-CAD

Fig. 2. Box plots of false-positive findings detected by readers or Al-CAD according to different interpretation schemes.
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When comparing between the schemes of adding
AI-CAD or a second human reader, reader 1+Al-
CAD had a significantly lower recall rate with
higher specificity and accuracy compared to reader
1+2. This result represents the promising aspects of
AI-CAD as a replacement for the second reader in
double reading, which is different from the rather
disappointing results observed with the use of
‘conventional’ CAD. After CAD was introduced for
mammography interpretation, studies investigated
conventional CAD as a substitute for the second
reader (12-15). Adding conventional CAD to single
reading resulted in increased cancer detection
rates with equivocal performance metrics, but
with increased recall rates compared to double
reading (12, 13). One systematic review showed that
conventional CAD did not significantly affect cancer
detection, while the overall recall rates increased
in single reading settings that added CAD to its
reading strategy (15). Our results reflect the different
strengths of human readers and AI-CAD for lesion
detection, i.e., the second human reader may have
similar detection sensitivity with the first reader
while AI-CAD analyzes images beyond the human
eye, enabling the detection of abnormalities with
different characteristics.

As with the differences in detection ability
between human readers and AI-CAD, differences
between conventional CAD and AI-CAD may
be one reason for contrasting outcomes when
used for mammographic interpretation. In a study
evaluating the abnormality features of conventional
CAD-detected cancers, high accuracy was seen
for microcalcifications (100%), masses (87%), and
asymmetry (80%) (14). In contrast to conventional
CAD, AI-CAD has been reported as advantageous
when detecting soft tissue abnormalities such as
masses and asymmetry because deep learning
algorithms show better contrast between abnormal
findings and normal parenchymal tissue (8). These
features are represented in our results as Al-
CAD showed lower rates of false—positive results

presenting as soft tissue lesions (Fig. 2). In addition,
2 of the 3 proven cancers that were overlooked
by AI-CAD (abnormality score was 0.27% and
2.13%, respectively) but detected by the radiologists
presented as calcifications that were surgically—
proven as DCIS. AI-CAD also had higher false—
positive results presenting as distortions, in which
most were dismissed by the human readers (Table
4). Mammographic features that are marked or
dismissed by AI-CAD needs characterization
according to their final diagnosis, and we anticipate
future investigation in this topic.

There are several limitations to this study. First,
we retrospectively simulated different interpretation
schemes using a small study sample, and different
results may be seen where active consensus or
arbitration is possible during actual clinical practice.
Second, the follow—up period for non-cancer cases
was relatively short (mean, 13.5 months). Third,
approximately 58.5% of our study population
had supplementary US performed that may have
affected the initial interpretation results, which was
an issue not considered. Last, the relatively low
recall rates from readers and low cancer rate (0.3%,
6 of 2385) may have affected the statistical power of
the comparison.

In conclusion, adding readers, either AI-CAD
or human second readers, results in higher recalls
with significantly lower specificity and accuracy
compared to single reading of a human reader.
When comparing the effect of adding AI-CAD vs.
human second reader, AI-CAD had significantly
lower recall and higher specificity and accuracy
compared to the scheme of two human readers.
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AL MEO Zro] =3 AL} H| W Ete] Eo|E (97.6% vs. 97.1%) % BT (97.5% vs. 97.0%) 7} &
oJaHA| =9ttt (p=0.010). U EAE AT KR g0 g A2 U AAL =2 H|g& o2l Ht
W o]|ZHEO 2 % QUYAAAL RE X3]5 2709l

A2 o= O=3 Hwste] QFA S A HRZ 2188 8887 T AREo7L BES o]F wEo| =
2 AAET $S B0 LS HYrt o]F w5 A F AZ3A s JAGEXZZ NS 83 F ¢
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