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INTRODUCTION

Mammography remains the principal modality for early 
breast cancer detection in women with an average risk, and 
mammography screening has been proven to reduce breast 
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Objective: To conduct a simulation study to determine whether artificial intelligence (AI)-aided mammography reading can 
reduce unnecessary recalls while maintaining cancer detection ability in women recalled after mammography screening.
Materials and Methods: A retrospective reader study was performed by screening mammographies of 793 women (mean age ± 
standard deviation, 50 ± 9 years) recalled to obtain supplemental mammographic views regarding screening mammography-
detected abnormalities between January 2016 and December 2019 at two screening centers. Initial screening mammography 
examinations were interpreted by three dedicated breast radiologists sequentially, case by case, with and without AI aid, in 
a single session. The area under the receiver operating characteristic curve (AUC), sensitivity, specificity, and recall rate for 
breast cancer diagnosis were obtained and compared between the two reading modes.
Results: Fifty-four mammograms with cancer (35 invasive cancers and 19 ductal carcinomas in situ) and 739 mammograms 
with benign or negative findings were included. The reader-averaged AUC improved after AI aid, from 0.79 (95% confidence 
interval [CI], 0.74–0.85) to 0.89 (95% CI, 0.85–0.94) (p < 0.001). The reader-averaged specificities before and after AI aid 
were 41.9% (95% CI, 39.3%–44.5%) and 53.9% (95% CI, 50.9%–56.9%), respectively (p < 0.001). The reader-averaged 
sensitivity was not statistically different between AI-unaided and AI-aided readings: 89.5% (95% CI, 83.1%–95.9%) vs. 
92.6% (95% CI, 86.2%–99.0%) (p = 0.053), although the sensitivities of the least experienced radiologists before and after 
AI aid were 79.6% (43 of 54 [95% CI, 66.5%–89.4%]) and 90.7% (49 of 54 [95% CI, 79.7%–96.9%]), respectively (p = 
0.031). With AI aid, the reader-averaged recall rate decreased by from 60.4% (95% CI, 57.8%–62.9%) to 49.5% (95% CI, 
46.5%–52.4%) (p < 0.001).
Conclusion: AI-aided reading reduced the number of recalls and improved the diagnostic performance in our simulation 
using women initially recalled for supplemental mammographic views after mammography screening.
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cancer incidence by 40% [1,2]. However, false-positive 
results are a negative aspect of mammography. On average, 
9.6% of screened women returned for additional imaging in 
a review of 5680743 screening examinations in the National 
Mammography Database [3]. Biopsy is recommended in 
2%–3% of screened women [4,5], and approximately 80% 
of biopsies subsequently performed are benign [6].

Control of the recall rate is important because of its 
associated medical costs and patient anxiety [7]. Double 
reading or the use of digital breast tomosynthesis (DBT) 
decreases false-positive recalls [8,9] but these efforts are 
associated with increased cost and reading time [10].

Since the 1990s, computer-aided diagnosis (CAD) systems 
have been developed and commercially used; however, their 
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evidence is controversial. No benefits of CAD have been 
reported in screening mammography in large-scale studies 
[11,12], and radiologists are required to review numerous 
false-positive CAD marks, which worsens the problem of 
high recall rate in screening mammographies. 

In contrast, recent artificial intelligence (AI) systems have 
better diagnostic sensitivity and specificity and a higher 
ability to significantly reduce radiologists’ workload [13-16]. 
As most screenings are negative, AI has the potential to 
increase the cost and time efficiency in clinical practice by 
reducing false-positive results, unnecessary examinations, 
radiation exposure, and patient anxiety. However, the use of 
AI to assist radiologists in assessing mammographic recall 
has not yet been thoroughly investigated. 

Therefore, this study aimed to conduct a simulation study 
to determine whether AI-aided mammography reading can 
reduce unnecessary recalls while maintaining the cancer 
detection ability in women recalled after mammography 
screening.

MATERIALS AND METHODS

This study was approved by the Institutional Review 
Board of our institution (IRB No. 2006-159-1135), which 
waived the requirement for written informed consent 
because the data were collected retrospectively and 
analyzed anonymously. 

Study Population and Datasets
In our institution, supplemental diagnostic mammography 

or DBT was recommended and performed for final 

assessments of mammographic abnormalities reported 
as the American College of Radiology Breast Imaging 
Reporting and Data System (BI-RADS) [17] categories C0, 
C4, and C5, when findings were not evident on routine 
mammography; these procedures were not performed 
if decision making was possible using routine views or 
if mammographic abnormalities were identifiable on 
concurrent ultrasonography (US). A retrospective review 
of the screening breast examination database at our two 
screening centers identified 1626 consecutive women who 
underwent supplemental diagnostic mammographic views 
or diagnostic DBT for evaluation of mammography-detected 
abnormalities between January 2016 and December 2019. 
Women with screening recalls for supplemental diagnostic 
mammographic views (e.g., spot compression and/or 
magnification views) or diagnostic DBT were included in 
this study. We excluded women with a previous surgical 
history (n = 157) and those who lacked at least one year 
of follow-up (n = 676). Finally, 793 women (mean age ± 
standard deviation [SD], 50 ± 9 years; range, 30–78 years) 
were included in the study (Fig. 1, Table 1).

Image Acquisition and Interpretation
All imaging data were obtained prospectively as part of 

routine clinical practice and stored in picture archiving and 
communication system (PACS) software (M-view, INFINITT 
Healthcare). All mammographic imaging data were acquired 
using a full-field digital mammography unit (Selenia 
Dimensions, Hologic; Senographe 2000D; GE Medical 
Systems). Standard mammography includes bilateral two-
view (mediolateral oblique and craniocaudal) mammography. 

Potentially eligible population
1626 women who underwent diagnostic supplemental mammographic views

after screening recall between January 2016 and December 2019

Study population (n = 793)
54 cancer cases and 739 normal or benign cases

Exclusion
  - Women who had previous operation history (n = 157)
  - Lack of at least 1-year of sufficient follow-up (n = 676)

Case-by-case sequential reader study without and with AI-aid

Case 1 interpretation
without AI → with AI

Case 2 interpretation
without AI → with AI

Case 793 interpretation
without AI → with AI

…

Fig. 1. Study flow diagram. AI = artificial intelligence
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Diagnostic DBT was performed using a full-field digital 
mammography unit with integrated DBT acquisition (Selenia 
Dimensions; Hologic). General radiologists interpreted the 
screening mammography and assessed breast density, image 
findings, and final assessment categories according to the 
American College of Radiology BI-RADS.

AI Support System
The AI algorithm used in this study was developed based 

on deep convolutional neural networks (Lunit INSIGHT 
MMG, ver. 1.1.4.1; Lunit) using an ResNet-34-based neural 
network. Details of the development and configuration 
of the commercially available AI system for breast cancer 
detection have been described previously [14,18]. The 
system displays a heat map for areas suspicious for breast 
cancer in each breast from all four images based on a 
threshold of 10. It assigns an assessment score for tumor 
presence of 0–100, where 100 represents the highest 
level of suspicion. Based on a per-image AI system, four-
view heatmaps and a representative abnormality score 
per breast, which was the maximum abnormality score 
of the craniocaudal and mediolateral oblique images for 
each mammography image, were provided. Screening 
mammography images and AI output results were reviewed 
using the PACS. 

Reader Study with or without AI Aid
Case-by-case sequential reading in the AI-unaided and 

AI-aided modes was performed by the same radiologists. 
The radiologist’s decision without AI aid was recorded and 
locked before the AI output was displayed. Subsequently, 
the AI output was displayed to the radiologists in the same 
reading session to make a second decision, incorporating 
the AI results. Radiologists were not allowed to change 
their data on the AI-unaided reading. Three radiologists 
with 2, 15, and 11 years of experience in breast imaging 
independently reviewed all images, with the information 
that all cases were initially recalled on screening 
mammography. They were blinded to the prior imaging 
reports, histological diagnoses, and clinical information. 

In the AI-unaided reading, each radiologist reviewed 
the initial screening mammogram without supplemental 
mammographic views and determined whether the 
patient needed to be recalled for supplemental diagnostic 
mammographic views. In cases of recall decisions, each 
radiologist assessed the probability of malignancy (POM) of 
the most suspicious lesion on a 1–100 scale. The location 
of abnormal findings was marked with an electric indicator, 
and the images were saved on a PACS. In cases with no 
recall interpretation, the POM was zero. 

During AI-aided reading, each radiologist made a new 
decision by referring to the AI output results. In cases 
assigned for recall after the AI-aided reading, each 
radiologist assessed the POM of the most suspicious lesion 
on a scale of 1–100. In both sessions, cases assigned for 
recall (POM ≥ 1) were considered positive screening results 
and those not assigned for recall were considered negative 
screening results.

Data Collection and Reference Standard
In the AI reports, maximum pixel-level abnormality 

scores of 10 points or higher within the corresponding 
mammographic location of the cancer in at least one 
view were considered true positives. All markers of the 
AI program or radiologists at other sites without cancer 
involvement were considered false positive. Clinical 
findings and biopsy or surgical results, including tumor 
size, histological type, nuclear grade, TNM stage, estrogen 
receptor, progesterone receptor, human epidermal growth 
factor receptor type 2, and Ki-67 status, were collected 
from pathology reports (Supplement). Preoperative breast 
MRI, mammograms obtained after wire localization, or 
both, were used to determine the reference location of the 
cancer. More than one year of normal follow-up imaging 
or histopathologic assessment was used as the reference 

Table 1. Summary of Patient and Lesion Characteristics
Characteristic Benign (n = 739) Cancer (n = 54)

Age at screening, years* 49 ± 9 (30–78) 55 ± 10 (32–76)
Breast density†

Almost entirely fatty 8 (1.0) 5 (0.6)
Scattered areas of 
  fibroglandular density

96 (12.1) 9 (1.1)

Heterogeneously dense 364 (45.9) 21 (2.6)
Extremely dense 271 (34.2) 19 (2.4)

Lesion type on screening 
  mammography

Mass 47 (5.9) 17 (2.1)
Calcification only 357 (45.0) 25 (3.2)
Asymmetry 320 (40.3) 10 (1.3)
Architectural distortion 15 (1.9) 2 (0.3)

Unless otherwise specified, the data are numbers of women 
with percentages in parentheses. *Data are presented as mean ± 
standard deviation (range), †Breast density was graded according 
to the American College of Radiology Breast Imaging Reporting 
and Data System lexicon.
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standard for benign lesions. Two radiologists (with nine 
years of experience in breast imaging) reviewed the marks 
reported by the three radiologists and AI software to 
confirm whether they correctly identified the lesions and 
classified the radiological manifestations of the recalled 
cases as mass, calcification only, asymmetry, or architectural 
distortion in consensus. For the radiologists’ assessment, 
the marks recorded by each radiologist were considered 
correct if they correctly indicated the corresponding 
mammographic location in at least one view. 

Statistical Analyses
The value was evaluated based on whether the lesion 

accurately matched recall. In the case of multiple lesions, 
a positive test result was defined based on the most 
suspicious lesion. Diagnostic performance was measured 
by the area under the receiver operating characteristic 
curve (AUC), sensitivity, specificity, and recall rate for all 
radiologists, with and without AI aid. Performance was 
evaluated using the AUC and the following measures: 
sensitivity (the proportion of examinations with a positive 
assessment among those with a breast cancer diagnosis 
within the follow-up period), specificity (the proportion 
of examinations with a negative assessment among those 
without a breast cancer diagnosis within the follow-
up period), and recall rate (the number of examinations 
with a positive assessment divided by the total number of 
examinations). To compare the reader-averaged performance 
of the AI-unaided and AI-aided readings, multireader 
multicase (MRMC) analysis [19] was used to account 
for reader variability with the R package MRMCaov [20]. 
Readers and cases were treated as fixed effects in the 
MRMC analysis. For reader-specific analysis, the AUC was 
compared using the DeLong test. Binary measures were 
compared using the McNemar test, and confidence intervals 
(CIs) for these binary measures were constructed using 
the Clopper-Pearson exact binomial CIs. Subgroup analyses 
were performed according to the breast density and lesion 
type. Statistical significance was set at p < 0.05. All 
statistical analyses were performed using R (version 3.6.2; 
R Foundation for Statistical Computing) and SAS (version 
9.4; SAS Institute). 

RESULTS

Patient and Lesion Characteristics
A total of 793 screening mammograms were assembled, 

consisting of 54 cancer cases, 182 benign cases with 
pathological confirmation, and 557 normal cases with 
normal 1-year follow-up imaging. 54 cancers (median, 1.3 

Table 2. Characteristics of the Cancers
Characteristic Patients with Cancer (n = 54)

Histopathologic type
IDC 25 (46.3)
DCIS 19 (35.2)
ILC 3 (5.5)
Mixed invasive ductal 
  and lobular carcinoma

2 (3.7)

Microinvasive carcinoma 5 (9.3)
Size, cm* 1.3 (0.1–6.9)

Invasive cancer† 1.2 (0.1–5.2)
DCIS 2.0 (0.1–6.9)

TNM stage of cancer‡

T staging‡

pTis 19 (35.2)
pT1 23 (42.6)
pT2 4 (7.4)
pT3 1 (1.9)

N staging‡

pN0 40 (74.1)
pN1 1 (1.9)
pN2 1 (1.9)

M staging
M0 54 (100.0)

Histologic grade‡

1 4 (7.4)
2 24 (44.4)
3 7 (13.0)

Nuclear grade‡

1 11 (20.4)
2 30 (55.6)
3 11 (20.4)

Hormone status‡

Positive 34 (63.0)
Negative 11 (20.4)

HER2‡

Positive 9 (16.6)
Negative 35 (64.8)

Ki-67‡

Positive 1 (1.9)
Negative 43 (79.6)

Unless otherwise specified, data are presented as the number of 
women with percentages in parentheses. *Data are presented 
as medians and ranges, †Invasive cancers include IDC, ILC, 
mixed invasive ductal and lobular carcinoma, and microinvasive 
carcinoma, ‡Only patients with available data are presented. DCIS = 
ductal carcinoma in situ, HER2 = human epidermal growth factor 
receptor type 2, IDC = invasive ductal carcinoma, ILC = invasive 
lobular carcinoma



1245

AI for Reducing Unnecessary Recalls at Screening Mammography

https://doi.org/10.3348/kjr.2022.0263kjronline.org

cm; range, 0.1–6.9 cm) consisted of 35 invasive cancers 
(median, 1.2 cm; range, 0.1–5.2 cm) and 19 ductal 
carcinomas in situ (DCIS) (median, 2.0 cm; range, 0.1–6.9 

cm). The clinical and pathological characteristics of 793 
women are listed in Tables 1 and 2, respectively.

Comparison of Diagnostic Performance between AI-
Unaided and AI-Aided Readings

Figure 2 shows the receiver operating characteristic (ROC) 
curve for AI-unaided and AI-aided readings according to 
each radiologist. The AUC for diagnosing breast cancer 
ranged from 0.76–0.85 with the AI-unaided reading, and 
this significantly increased to 0.86–0.92 with the AI-aided 
reading (p < 0.001 for each reader, Table 3). In the MRMC 
analysis, which accounted for reader variability, the average 
AUC also showed a significant increase with an AUC of 0.89 
(95% CI, 0.85–0.94) for AI-aided performance compared 
with AI-unaided performance of 0.79 (95% CI, 0.74–0.85) 
(p < 0.001).

Sensitivity, Specificity, and Recall Rate 
Sensitivity, specificity, and recall rate are presented 

in Table 3. The average sensitivity was not statistically 
different between AI-unaided readings and AI-aided 
readings (89.5% [95% CI, 83.1%–95.9%] vs. 92.6% 
[95% CI, 86.2%–99.0%]; p = 0.053), although the least 
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Fig. 2. Receiver operating characteristic curves for AI-unaided 
and AI-aided reader studies according to each radiologist. AI = 
artificial intelligence, R = radiologist

Table 3. Comparison of the AI-Unaided and AI-Aided Reader Studies in Terms of the AUC, Recall Rate, Sensitivity, and Specificity 
according to Each Radiologist and Average Radiologists

Radiologist AI-Unaided Reading AI-Aided Reading P
AUC*

1 0.76 [0.69–0.83] 0.90 [0.85–0.95] < 0.001
2 0.78 [0.71–0.85] 0.86 [0.80–0.92] < 0.001
3 0.85 [0.80–0.90] 0.92 [0.88–0.97] < 0.001
Average radiologists 0.79 [0.74–0.85] 0.89 [0.85–0.94] < 0.001

Recall rate†

1 44.1 (350/793) [40.6–47.7] 36.9 (293/793) [33.6–40.4] < 0.001
2 73.6 (584/793) [70.4–76.7] 57.1 (453/793) [53.6–60.6] < 0.001
3 63.3 (502/793) [59.8–66.7] 54.4 (431/793) [50.8–57.9] < 0.001
Average radiologists 60.4 [57.8–62.9] 49.5 [46.5–52.4] < 0.001

Sensitivity†

1 79.6 (43/54) [66.5–89.4] 90.7 (49/54) [79.7–96.9] 0.031
2 92.6 (50/54) [82.1–97.9] 92.6 (50/54) [82.1–97.9] 1.000
3 96.3 (52/54) [87.3–99.5] 94.4 (51/54) [84.6–98.8] 1.000
Average radiologists 89.5 [83.1–95.9] 92.6 [86.2–99.0] 0.053

Specificity†

1 58.5 (432/739) [54.8–62.0] 67.0 (495/739) [63.5–70.4] < 0.001
2 27.9 (206/739) [24.7–31.3] 45.7 (338/739) [42.1–49.4] < 0.001
3 39.4 (291/739) [35.8–43.0] 49.0 (362/739) [45.3–52.7] < 0.001
Average radiologists 41.9 [39.3–44.5] 53.9 [50.9–56.9] < 0.001

*Numbers in brackets are the 95% confidence intervals of the AUC values, †Numbers are percentages, raw data are in parentheses, and 
95% confidence intervals are in brackets. AI = artificial intelligence, AUC = area under the receiver operating characteristic curve
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experienced radiologist showed a significant increase in 
sensitivity (79.6%, 43 of 54 [95% CI, 66.5%–89.4%] vs. 
90.7%, 49 of 54 [95% CI, 79.7%–96.9%]; p = 0.031).

Among the 54 cancers, 52 cancers were correctly detected 
by the AI program, and two cancers (DCISs) were missed by 
AI. Among the two cancers that were not detected by the AI 
software, one cancer was also missed by three radiologists, 
whereas the other cancer was correctly recalled by one 
radiologist before the AI aid but was not correctly recalled at 
the lesion level after the AI aid (Fig. 3). In contrast, there 
was one cancer case that was correctly marked by the AI 
software but was missed by all three radiologists despite the 
AI aid. The average specificity was significantly improved in 
AI-aided reading (41.9% [95% CI, 39.3%–44.5%] vs. 53.9% 
[95% CI, 50.9%–56.9%]; p < 0.001).

All of the radiologists showed significantly decreased 
recall rate (44.1%–73.6% vs. 36.9%–57.1 %; p < 0.001, 
respectively), with the average recall rate showing 
significant improvement (60.4% [95% CI, 57.8%–62.9%] 
vs. 49.5% [95% CI, 46.5%–52.4%]; p < 0.001). Of 739 
negative or benign cases, all of the radiologists significantly 
decreased their recall rate after AI aid (41.5%–72.0% vs. 
33.0%–54.3%; p < 0.001, respectively) (Fig. 4). The average 
recall rate for negative and benign cases significantly 
decreased after AI aid (58.1% [95% CI, 55.4%–60.7%] vs. 
46.1% [95% CI, 43.1%–49.1%]; p < 0.001).

Subgroup Analyses for Performance according to Breast 
Density and Lesion Types

In both dense and non-dense breasts, the average AUC of 
dense breasts was significantly increased from 0.79 (95% 
CI, 0.72–0.85) to 0.89 (95% CI, 0.83–0.95) (p < 0.001) 
and that of non-dense breast was significantly increased 
from 0.81 (95% CI, 0.71–0.91) to 0.91 (95% CI, 0.81–1.00) 
(p = 0.007). The average specificities of both dense and 
non-dense breasts significantly increased after AI aid (42.8% 
[95% CI, 40.0%–45.7%] vs. 53.9% [95% CI, 50.6%–57.2%]; 
p < 0.001; 36.2% [95% CI, 29.5%–43.0%] vs. 53.8% [95% 
CI, 45.9%–61.8%]; p < 0.001). The detailed sensitivities, 
specificities, and recall rates are provided in Supplement 
(Supplementary Table 1). 

Regarding lesion types, all of the average AUCs were 
significantly increased from 0.78 (95% CI, 0.69–0.88) 
to 0.90 (95% CI, 0.80–0.99) for mass (p = 0.001), from 
0.83 (95% CI, 0.76–0.91) to 0.92 (95% CI, 0.88–0.97) 
for calcification only (p < 0.001), and from 0.71 (95% CI, 
0.55–0.87) to 0.82 (95% CI, 0.67–0.97) for asymmetry 
or architectural distortion (p < 0.001). In addition, the 
average recall rates for calcification only and asymmetry 
or architectural distortion significantly decreased from 
64.0% (95% CI, 60.3%–67.6%) to 58.4% (54.1%–62.6%) 
and from 54.9% (95% CI, 51.1%–58.6%) to 37.2% (95% 
CI, 32.9%–41.4%) (p < 0.001, respectively). The average 
specificities for calcification only and asymmetry or 

Fig. 3. Images of a 61-year-old woman with ductal carcinoma in situ that was not detected using AI software. 
A. Digital mammography screening in a 61-year-old woman with a mass (arrows) in the left upper inner quadrant. B. Spot compression 
magnification images of the mass in the left upper inner quadrant (arrows) at the initial assessment. C. AI software assessed the cancer  
site as normal, but incorrectly identified an asymmetry in the left lower area and assessed a score of 32% on the mediolateral oblique view. 
D. Mammography after ultrasound-guided wire localization revealed true cancer that presented as a mass (empty arrows) in the left upper inner 
quadrant area recalled in the spot compression magnification view. In the AI-unaided study, one of the three radiologists correctly recalled a 
mass in the left upper inner quadrant. However, incorrect AI mark led one radiologist to recall the case for an incorrect reason, whereas the other 
two radiologists missed the cancer on both AI-unaided and AI-aided readings despite the AI result. AI = artificial intelligence

A CB D
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architectural distortion significantly increased from 38.1% 
(95% CI, 34.3%–41.9%) to 44.4% (95% CI, 39.9%–48.8%) 
and from 46.2% (95% CI, 42.4%–50.0%) to 64.7% (95% 
CI, 60.4%–68.9%) (p < 0.001, respectively). Detailed AUCs, 
sensitivities, specificities, and recall rates for each lesion 
type are described in Supplement (Supplementary Table 2).

DISCUSSION

Many efforts have been made to develop AI software to 
help radiologists interpret screening mammography findings 
[21,22]. However, the incremental value of AI software in 
reducing the number of recalls and supplemental diagnostic 
mammographic examinations while maintaining cancer 
detection ability remains unclear and requires further 
investigation. According to our study findings, among 793 
women recalled by general radiologists for supplemental 
views, on average, 60.4% were recalled by dedicated 
breast radiologists on retrospective re-reading, and this 
was further lowered to 49.5% by the AI aid without loss 
of sensitivity in our simulation. The potential of AI to 
reduce false-positive recalls may provide an efficient way to 
diagnose negative cases, leading to workload reduction.

While previous studies have shown an overall increased 

sensitivity with the additional use of AI support in the 
interpretation of screening mammography [21-23], only 
the least experienced radiologist in this study showed 
significantly increased sensitivity with AI aid. Since 
our study population consisted of women who required 
additional diagnostic mammographic views after 
mammography screening, the added value of sensitivity was 
not observed, except for the least experienced reader. Even 
lower sensitivity after AI aid was observed in a recent study 
that evaluated the diagnostic performance of screening 
recalls in women, which misled radiologists to underdiagnose 
cancer while reducing unnecessary follow-ups [16]. Similarly, 
a statistically significant specificity improvement was noted 
in our study, and the false negative AI result led the reader 
not to recall the case that was initially recalled without AI 
aid. Although there was no statistically significant decrease 
in cancer detection noted by experienced readers, reducing 
the number of recalls can result in a higher threshold for 
the perception of small cancers; thus, caution is needed 
to maximize the added value of AI software. As noted 
in this study, there was a wide variability in recall rates 
between readers. In the reader study, 44.1%–73.6% of 
original recalled cases by general radiologists were recalled 
by dedicated breast radiologists. Inter-observer variability 

Fig. 4. Images of a 54-year-old woman with asymmetry assessed as negative using AI software. 
A. Screening digital mammography showing asymmetry (arrow) in the upper left breast. B. The AI software assessed this as negative. C. Digital 
breast tomosynthesis images were obtained for the left breast and no definite lesions were identified at the site of asymmetry on digital 
mammography. This finding was stable for more than three years. In the AI-unaided reading, all three radiologists recalled this case because of 
asymmetry; none of them recalled after AI aid. AI = artificial intelligence

A B C
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in the recall rates of screening mammography has been 
observed in previous studies [24-26]. We expect that AI-CAD 
will reduce the inter-observer variability in the recall rate by 
reducing the overall number of recalls.

In this study, among 793 women with screening recalls, 
675 (85.1%) had dense breasts. Mammography is generally 
less sensitive in women with dense breasts, and patients 
with high fibroglandular tissue volumes have a higher 
mean number of false-positive mass marks than those with 
low fibroglandular tissue volumes [27]. An improvement 
in the average sensitivity was noted in dense breasts, and 
a reduction in screening recall and improvement in the 
average AUC and specificity were observed, regardless of 
breast density. Our results show that AI-CAD can be helpful 
in the mammography interpretation of dense breast tissue 
to overcome its limited sensitivity. Further investigation 
of AI-CAD use in women with dense breasts in larger 
populations is warranted.

Our study had some limitations. First, this was a 
retrospective reader study with an enriched cancer 
population; it used a single AI vendor and data were 
collected from two sites. Although our reader simulated 
clinical practice, the results cannot be directly applied 
to a real screening scenario. Second, this study was 
conducted by radiologists in only one country. As screening 
practices, recall rates, diagnostic approaches, and selection 
of supplemental imaging vary substantially worldwide 
[28,29], the effect of the AI system on radiologists may 
vary depending on the geographic region and local policies. 
Third, we only included patients in whom additional 
mammographic images were obtained from those who had 
mammographic abnormalities. Patients who had suspicious 
mammographic findings but did not undergo additional 
mammographic views, or who underwent diagnostic US or 
MRI without supplemental mammographic images were 
excluded. Consequently, the majority of our cases had subtle 
mammographic abnormalities, which may have resulted in 
underestimation of AI. Fourth, the reading environment 
used in this study was different from that used in the 
daily practice. There was no restriction on reading time, 
which might have caused performance differences between 
clinical and experimental settings [30]. In addition, 
since the readers were already aware of the study design 
in which screening mammography recalls were included, 
the sensitivity of this study would be overestimated. 
Although the patients in this study were recalled by general 
radiologists, their performance of the general radiologists 

after AI aid was not evaluated in this study. Fifth, since the 
1–100 scale of cancer probability was assigned in recalled 
cases instead of the BI-RADS final assessment category, 
diagnostic performance based on BI-RADS final assessment 
and changes in management decisions cannot be assessed. 

In conclusion, AI-aided reading reduced the number of 
recalls and improved the diagnostic performance in our 
simulation using women initially recalled for supplemental 
mammographic views after mammography screening. Larger 
prospective population-based screening studies should be 
performed to validate these findings and evaluate the role 
of AI aids in reducing additional diagnostic imaging. 
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