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Abstract 

Background:  To demonstrate the value of an artificial intelligence (AI) software in the detection of mammographi-
cally occult breast cancers and to determine the clinicopathologic patterns of the cancers additionally detected using 
the AI software.

Methods:  By retrospectively reviewing our institutional database (January 2017–September 2019), we identified 
women with mammographically occult breast cancers and analyzed their mammography with an AI software that 
provided a malignancy score (range 0–100; > 10 considered as positive). The hot spots in the AI report were compared 
with the US and MRI findings to determine if the cancers were correctly marked by the AI software. The clinicopatho-
logic characteristics of the AI-detected cancers were analyzed and compared with those of undetected cancers.

Results:  Among the 1890 breast cancers, 6.8% (128/1890) were mammographically occult, among which 38.3% 
(49/128) had positive results in the AI analysis. Of them, 81.6% (40/49) were correctly marked by the AI software and 
determined as “AI-detected cancers.” As such, 31.3% (40/128) of mammographically occult breast cancers could be 
identified by the AI software. Of the AI-detected cancers, 97.5% were found in heterogeneously or extremely dense 
breasts, 52.5% were asymptomatic, 86.5% were invasive, and 29.7% had axillary lymph node metastasis. Compared 
with undetected cancers, the AI-detected cancers were more likely to be found in younger patients (p < 0.001), 
undergo neoadjuvant chemotherapy as well as mastectomy rather than breast-conserving operation (both p < 0.001), 
and accompany axillary lymph node metastasis (p = 0.003).

Conclusions:  AI conferred an added value in the detection of mammographically occult breast cancers.
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Key points

•	 AI algorithm derived from a large-scale image data-
base may identify tumor signs commonly masked to 
the human eyes.

•	 AI software could correctly detect 31.3% of mammo-
graphically occult breast cancers (“AI-detected can-
cers”).
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•	 AI-detected cancers were mostly found in dense 
breasts.

•	 In the present study data, AI-detected cancers were 
more commonly found in younger patients, had 
axillary lymph node metastasis, and required more 
intensive treatment compared with undetected can-
cers.

Background
Mammography is a widely used screening tool for breast 
cancer in many countries and is effective in reducing 
breast cancer-related mortality [1–4]. However, its sen-
sitivity is limited and the prevalence of mammographi-
cally occult breast cancers ranges from 9 to 30% [5–9]. 
Traditional computer-aided detection (CAD) systems 
that mark focal areas of increased density and micro-
calcifications have been developed since the 1990s for 
automatic detection and classification of breast lesions 
in mammography. However, CAD systems failed to show 
significant improvements in the screening performance 
or cost-effectiveness, mainly due to the large number of 
false-positive findings [1, 4, 9–11].

With the recent evolution of artificial intelligence (AI) 
algorithms, there is much interest in its use in radiology, 
which is largely based on image data that can be eas-
ily processed and analyzed by computers [4, 12–15]. In 
terms of breast imaging, previous studies have found that 
AI algorithms have high sensitivity and specificity for the 
detection of breast cancers [1, 4, 9, 10, 16–19]; moreover, 
AI algorithms improved the radiologists’ cancer detec-
tion rates [9, 20] and achieved higher performance level 
than did radiologists without an AI assistance by reduc-
ing the rate of false-positive and false-negative interpre-
tations [1, 9, 21]. In addition, AI algorithms significantly 
reduced the workload of radiologists without decreases 
in performance [3, 21–23] and showed promise for obvi-
ating the need for double reading [21].

Considering that AI algorithms are based on the imag-
ing biomarkers derived from large-scale image data rather 
than traditional human-designed features of breast can-
cer, we speculated that tumor signs commonly masked to 
the human eye may be identified by AI algorithms [10]. 
However, only few studies have focused on the perfor-
mance of AI algorithms for the detection of mammo-
graphically occult breast cancers. One study assessed the 
effectiveness of an AI algorithm in the reduction in false-
negative interpretation by comparing the specificities of 
clinical and AI assessments at the mammography level, 
but the possibility of false-positive assessments in the AI 
algorithm (i.e., high malignancy score generated in the 
wrong area) was not taken into account [3, 21].

The purpose of this study was to evaluate the added 
value of an AI-based diagnosis supporting software in 
the detection of mammographically occult breast cancers 
with consideration of correct localization and to deter-
mine the clinical and pathologic patterns of mammo-
graphically occult breast cancers that can be additionally 
detected using the AI software.

Methods
Study population
The institutional review board approved this retrospec-
tive study and waived the need for informed patient con-
sent for the use of anonymized patient data.

By retrospectively reviewing our institutional database, 
we identified 5480 patients who were pathologically con-
firmed with breast cancer by ultrasound (US)-guided 
biopsy in either screening or diagnostic setting between 
January 2017 and September 2019. Among them, we 
excluded 3590 patients who only had mammography 
performed in other institutions due to the inconsistent 
quality of the images and those with a history of breast 
surgery or vacuum-assisted breast biopsy. Of the remain-
ing 1890 patients, 128 patients were determined to have 
no visible evidence of breast cancer on mammography 
(i.e., mammographically occult breast cancer) according 
to a single reading by one of six breast-specialized radi-
ologists with at least 7  years of experience. These read-
ers were provided with the clinical information of the 
patients, as well as the findings of prior mammography 
and other imaging modalities when available.

The mammography results were analyzed with Lunit 
INSIGHT MMG, version 1.1.1.0 (Lunit Inc.), which is 
an AI-based diagnosis supporting software for detecting 
breast cancer in mammography. For cases with a posi-
tive result for malignancy in the AI analysis in at least one 
of four standard views (i.e., right and left craniocaudal 
[CC] and mediolateral oblique [MLO]), the location with 
the highest suspicion for malignancy marked by the AI 
software (i.e., hot spot) was compared with the US and 
magnetic resonance imaging (MRI) findings as well as 
pathologic reports by one radiologist (HJK) to confirm 
that the AI software had correctly detected the malignant 
lesions. As a result, only those in which the location of 
the breast cancer was correctly marked on the mammog-
raphy by the AI software were classified into “AI-detected 
cancers,” while the remaining cases were classified into 
“undetected cancers.”

Artificial intelligence software
The AI software used in this study (Lunit INSIGHT 
MMG) was developed based on deep convolutional 
neural networks and was trained on 170,230 mammo-
grams acquired from 36,468 breast cancer cases and 
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133,762 healthy controls at five institutions in South 
Korea (January 2004–December 2016), USA (January 
2000–December 2018), and the UK (January 2010–
December 2018) by using the equipment from Sie-
mens Healthineers, Hologic Inc., and GE Healthcare 
[9]. There was no overlap between the data used for 
the development of the software and those used for the 
present analysis.

The AI software used the four-view, full-field digital 
mammograms obtained using devices from one of the 
three different vendors (Siemens Healthineers; Hologic 
Inc.; GE Healthcare) for analysis. The software provides 
results for each mammography image (i.e., one of the 
four standard views) in terms of pixel-level malignancy 
scores depicted as a color-coded heatmap, and also by a 
representative malignancy score, which is the maximum 
value of the pixel-level scores. The malignancy scores of 

Fig. 1  Study patient flowchart

Table 1  AI analysis results of 128 mammographically occult 
breast cancers

Unless otherwise indicated, data represent the numbers of patients, with 
percentages in parentheses

AI artificial intelligence, CC craniocaudal, MLO mediolateral oblique

Mammographically occult 
breast cancer (N = 128)

Right Left

AI-detected cancers 40 (31.3)

 Only on CC-view 3 (2.3) 1 2

 Only on MLO-view 4 (3.1) 2 2

 On both CC- and MLO-views 33 (25.8) 17 16

Undetected cancers 88 (68.7)
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0–100 represent the level of suspicion, where 100 repre-
sents the highest suspicion of malignancy. A case with 
a malignancy score higher than 10 in at least one of the 
four standard views was regarded to have a positive result 
for malignancy, which was a cutoff that achieved 90% 
sensitivity in the tuning dataset used for the develop-
ment of the AI software [9]. In addition to analyses based 
on a single cutoff, the changes in the proportion of AI-
detected cancers at different cutoffs were evaluated. The 
AI software did not consider prior mammograms for 
analyses.

Pathological analysis
The final histopathologic results of the surgical speci-
mens were reviewed to determine the histologic type, 
nuclear grade, histologic grade, molecular subtype based 
on immunohistochemical staining of estrogen recep-
tor (ER), progesterone receptor (PR), human epidermal 
growth factor receptor (HER)-2, and Ki-67 proliferation, 
invasive tumor size, and axillary lymph node status. For 
the three patients who did not receive surgery in our 
institution, the histopathologic results of the biopsy spec-
imens were used instead.

Statistical analysis
Statistical analyses were performed using IBM SPSS Sta-
tistics for Windows, Version 23 (IBM Corp., Armonk, 
NY, USA). To identify the difference between the AI-
detected cancers and undetected cancers in terms of clin-
ical and pathologic characteristics, Pearson’s chi-squared 
test or Fisher’s exact test was used for categorical vari-
ables and Mann–Whitney U test was used for continuous 
variables. All statistical tests were two-tailed, and p val-
ues less than 0.05 were considered statistically significant.

Results
Performance of the AI software in the detection 
of mammographically occult breast cancers
In our study cases, mammographically occult breast 
cancers accounted for 6.8% (128/1890) of the total 
breast cancers. The AI software revealed positive 
results for malignancy in 38.3% (49/128) of the mam-
mographically occult breast cancers in at least one of 
four standard views (i.e., right and left CC and MLO) 
at the cutoff score of 10. Among them, 81.6% (40/49) 
were marked in a correct location by the AI software, 
while the remaining 18.4% (9/49) had a high malig-
nancy score in a wrong location. As such, at this cutoff, 
the AI software identified 31.3% (40/128) of mammo-
graphically occult breast cancers, and 2.1% (40/1890) 
of the total breast cancers were detectable only by the 

Fig. 2  Proportion of AI-detected cancers according to different cutoffs. The proportions of AI-detected cancers among the 128 mammographically 
occult breast cancers at different cutoffs are shown as a line graph, with histograms displaying the distribution of malignancy scores.
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AI software based on mammographic interpretations. 
The results of the AI analysis of the 128 mammographi-
cally occult breast cancers are summarized in Fig. 1 and 
Table 1.

The proportions of AI-detected cancers among the 
128 mammographically occult breast cancers at different 
cutoffs are described with the histogram of malignancy 
scores in Fig. 2. Of note, the hot spot on the color-coded 
heatmap became less prominent in the lower malignancy 
scores and almost unidentifiable in malignancy scores of 
2 or less; in other words, the proportion of AI-detected 
cancers could not be calculated for the cases in which the 
highest malignancy score of the four standard views was 
less than 2. When the cutoff was set to 2, 39.1% of the 
mammographically occult breast cancers could be cor-
rectly detected by the AI software.

Clinical and pathologic characteristics 
of the mammographically occult breast cancers according 
to the result of the AI analysis
Among the 40 patients with AI-detected breast cancers 
(mean ± standard deviation [SD] age, 43.6 ± 9.8  years; 

range 25–66), the mean malignancy score was 53.6 (SD 
24.1; range 11.2–94.7). Of them, 52.5% (21/40) were 
asymptomatic and diagnosed from screening US, while 
47.5% (19/40) had palpable lumps in their breast. Four 
patients had a family history of breast cancer. Most 
of the patients had dense breasts, as 70.0% (28/40) had 
extremely dense breasts, 27.5% (11/40) had heterogene-
ously dense breasts, and only 2.5% (1/40) had scattered 
fibroglandular tissues. The tumors were almost evenly 
distributed in both sides of the breasts, and the most 
common location of the AI-detected tumors was the 
upper outer quadrant (UOQ) of both breasts (52.5%; 
21/40). The mean size of the tumors measured in US was 
17.0 ± 10.0  mm (range 4–52  mm). Breast MRI was per-
formed in 33 patients, in whom all tumors except for one 
were detectable.

Regarding the histologic type of the AI-detected breast 
cancers, ductal carcinomas were in 85% (34/40) while 
10% (4/40) were lobular, 2.5% (1/40) were mucinous, and 
2.5% (1/40) were adenoid cystic carcinomas. The nuclear 
and histologic grades were 1 or 2 in 82.5% (33/40) and 
81.1% (30/37) of the patients, respectively. The molecu-
lar subtypes of the 38 AI-detected breast cancer patients 

Fig. 3  A 50-year-old woman with invasive ductal carcinoma in the left breast. a A BB marker was attached at the left axilla, where an enlarged 
lymph node was noted. However, no abnormal finding was detected in both breasts by a radiologist. b–d AI highlighted a focal area in the 
mid-portion of the left breast, which correlated with the location of the cancer in US and MRI. The malignancy score of the cancer was 62.6. 
Histopathologic examination of core needle biopsy and fine-needle aspiration showed a low histologic grade invasive ductal carcinoma that was 
estrogen receptor-positive, progesterone receptor-positive, and human epidermal growth factor receptor-2-negative, with axillary lymph node 
metastasis. Left central lumpectomy was performed after neoadjuvant chemotherapy, and no residual invasive ductal carcinoma was found
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with available immunohistochemical profiles were lumi-
nal A in 55.3% (21/38), luminal B in 23.7% (9/38), HER-2 
positive in 10.5% (4/38), and triple-negative in 10.5% 
(4/38).

Of the 37 patients who were treated at our center, 
32.4% (12/37) underwent neoadjuvant chemotherapy, 
and 56.8% (21/37) underwent a mastectomy while the 

remaining patients underwent a breast-conserving oper-
ation. There were invasive carcinomas in 91.9% (34/37), 
while the rest (8.1% [3/37]) were ductal carcinomas 
in  situ, and there was a histologic upgrade in the surgi-
cal specimen in 16.2% (6/37) of the cases. The mean size 
of the invasive tumors that were not treated with neoad-
juvant chemotherapy was 12.7 ± 14.1  mm (range 3–75). 

Fig. 4  A 31-year-old woman with invasive ductal carcinoma in the right breast. a, b A BB marker was attached at the upper outer quadrant of the 
right breast, but no abnormal finding was detected in both breasts by a radiologist. c–e AI highlighted a focal area in the upper outer quadrant 
of the right breast, which correlated with the location of the cancer in US and MRI. The malignancy score of the cancer was 94.7. Histopathologic 
examination of core needle biopsy showed a high histologic grade invasive ductal carcinoma that was estrogen receptor-negative, progesterone 
receptor-negative, and human epidermal growth factor receptor-2-negative. Right mastectomy was performed after neoadjuvant chemotherapy, 
and a residual invasive ductal carcinoma was found
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Axillary lymph node metastasis was present in 29.7% 
(11/37) of the patients. The example cases of AI-detected 
cancers are described in Figs. 3, 4, 5 and 6.

The mean age of the patients with AI-detected can-
cers was significantly younger than those with unde-
tected cancers (p < 0.001). Patients with AI-detected 
cancers were more likely to be symptomatic and had a 
larger tumor size in US compared with those with unde-
tected cancers (both p = 0.001). In terms of treatment, 
AI-detected cancers were more likely to undergo neo-
adjuvant chemotherapy as well as mastectomy rather 
than breast-conserving operation compared with unde-
tected cancers (both p < 0.001). AI-detected cancers 
were more likely to be invasive carcinomas (p = 0.04) and 
had a higher likelihood of axillary lymph node metas-
tasis (p = 0.003). In contrast, patients with AI-detected 
cancers were not significantly different from those with 
undetected cancers in terms of family history, mam-
mographic breast density, lesion location, detectability 
on MRI, nuclear and histologic grade, molecular sub-
type, histologic upgrade rate, size of the invasive tumor, 
and lymphovascular invasion. The patient and tumor 

characteristics of the 128 mammographically occult 
breast cancers are summarized in Table 2.

Discussion
In our present analysis, the AI software identified 
31.3% of mammographically occult breast cancers and 
increased the cancer detection rate by 2.1% based on 
mammographic interpretations. The mean malignancy 
score of the AI-detected breast cancers was 53.6 (range 
11.2–94.7). A recent study that used the same AI soft-
ware used in this study reported that the malignancy 
score of 53.3 was the cutoff for the highest 2% scores 
and that the recommendation of supplemental modality 
at this cutoff could increase the cancer detection rate by 
7.1% [3]. In our study, 15.6% of mammographically occult 
cancers were detectable with the AI software at the cutoff 
score of 53.3.

The rate of false-positive cases that revealed high 
malignancy scores in the wrong area was 18.4% at the 
cutoff score of 10. Among these false-positive cases, the 
hot spots were marked in (1) asymmetric glandular tissue 
(44.4%; 4/9), (2) one of the four views of mammography 
in which the grayscale was erroneously set to increase the 

Fig. 5  A 48-year-old woman with invasive ductal carcinoma in the right breast. a A BB marker was attached at the right axilla, where an enlarged 
lymph node was noted. However, no abnormal finding was detected in both breasts by a radiologist. b–d AI highlighted a focal area in the 
mid-portion of the right breast, which correlated with the location of the cancer in US and MRI. The malignancy score of the cancer was 44.8. 
Histopathologic examination of core needle biopsy showed a high histologic grade invasive ductal carcinoma that was estrogen receptor-negative, 
progesterone receptor-negative, and human epidermal growth factor receptor-2-negative. Right breast-conserving operation was performed after 
neoadjuvant chemotherapy, and no residual invasive ductal carcinoma was found
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overall brightness (22.2%; 2/9), (3) enlarged metastatic 
lymph node rather than the breast mass (11.1%; 1/9), 
and (4) normal glandular tissue with unidentifiable cause 
(22.2%; 2/9). These false-positive cases may not be a sig-
nificant discouraging factor for the use of the AI software 
considering that false interpretation of the asymmetric 
glandular tissue is also a common pitfall in radiologists’ 
interpretations and that erroneous hot spots on the sub-
optimal images were easily dismissable.

The AI-detected breast cancers found in our study were 
commonly found in dense breasts. The application of AI 
softwares to routine mammography may allow patients 
with dense breasts to avoid taking additional risk, dis-
comfort, or time for diagnosis with supplementary tools. 
While one study reported that AI software has lower 
sensitivity and specificity for dense breasts compared 
with those of human readers [24], other studies reported 
that the sensitivity of AI software was not significantly 

Fig. 6  A 55-year-old woman with invasive lobular carcinoma in the left breast. a, b. No abnormal finding was detected in the mammography of 
both breasts by a radiologist. c–e AI diffusely highlighted the central portion of the left breast, which correlated with the location of the cancer 
in US and MRI. The malignancy score of the cancer was 23.9. Surgical histopathologic examination showed a node-positive, low histologic 
grade invasive lobular carcinoma that was estrogen receptor-positive, progesterone receptor-positive, and human epidermal growth factor 
receptor-2-negative by left lumpectomy
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affected by the breast density [9, 10]. Furthermore, the 
performance of radiologists could be improved in dense 
breasts with the aid of AI, as also suggested from our 
results [9].

A previous study reported that AI showed good perfor-
mance in the detection of early-stage cancers [9]. Like-
wise, we observed that the AI-detected breast cancers 
included 78.4% (29/37) of T1 cancers and 70.3% (26/37) 
of node-negative breast cancers. In addition, more than 
half (52.5%; 21/40) of the AI-detected breast cancers 
were found in asymptomatic women. These findings sug-
gest the value of the AI software in the early detection of 
breast cancers and improvement of patient outcomes. On 
the other hand, compared with undetected cancers, AI-
detected cancers were more likely to have axillary lymph 
node metastasis and more likely to require intensive 
treatment such as neoadjuvant chemotherapy or mastec-
tomy. As such, the cancers detected by the AI software 
tended to require urgent clinical intervention.

The distribution of AI-detected breast cancers among 
various histologic and molecular subtypes was not nota-
bly different from those reported in general breast can-
cer [25–27]. This is in line with the finding of McKinney 

Table 2  Characteristics of mammographically occult breast 
cancers according to the AI analysis

Variable AI-detected Undetected p

Total 40 (31.2) 88 (68.8)

Agea 43.6 ± 9.8 50.9 ± 9.3 < 0.001

Malignancy scorea 53.6 ± 24.1 2.7 ± 6.2 < 0.001

Symptom

 Yes 19 (47.5) 16 (18.2) 0.001

 Palpable lump 19 (47.5) 10 (11.4)

 Bloody nipple discharge 0 (0) 6 (6.8)

Family history 0.37

 Yes 4 (10.0) 14 (15.9)

Breast density 0.19

 A 0 (0) 1 (1.1)

 B 1 (2.5) 5 (5.7)

 C 11 (27.5) 38 (43.2)

 D 28 (70.0) 44 (50.0)

Location (Laterality) 0.27

 Right 21 (52.5) 37 (42.0)

 Left 19 (47.5) 51 (58.0)

Location (Quadrant) 0.83

 UOQ 21 (52.5) 47 (53.4)

 UIQ 9 (22.5) 24 (27.3)

 LOQ 5 (12.5) 7 (8.0)

 LIQ 5 (12.5) 10 (11.4)

Ultrasonographic tumor sizea 17.0 ± 10.0 13.4 ± 14.6 0.001

 < 10 mm 8 (20.0) 43 (48.9)

 10–14 mm 13 (32.5) 28 (31.8)

 15–19 mm 6 (15.0) 9 (10.2)

 20–49 mm 12 (30.0) 3 (3.4)

 ≥ 50 mm 1 (2.5) 5 (5.7)

Detectability on MRIb 0.97

 Yes 32 (97.0) 61 (96.8)

Histologic type 0.45

 Ductal carcinoma 34 (85.0) 79 (89.8)

 Lobular carcinoma 4 (10.0) 8 (9.1)

 Mucinous carcinoma 1 (2.5) 1 (1.1)

 Adenoid cystic carcinoma 1 (2.5) 0 (0)

Nuclear grade 0.49

 1 2 (5.0) 9 (10.2)

 2 31 (77.5) 67 (76.1)

 3 7 (17.5) 12 (13.6)

Histologic gradeb 0.51

 1 3 (8.1) 10 (14.9)

 2 27 (73.0) 48 (71.6)

 3 7 (18.9) 9 (13.4)

Molecular subtypeb 0.59

 Luminal A 21 (55.3) 54 (66.7)

 Luminal B 9 (23.7) 17 (21.0)

 HER-2 4 (10.5) 5 (6.2)

 Triple-negative 4 (10.5) 5 (6.2)

Unless indicated otherwise, data are numbers of patients with percentages in 
parentheses

AI artificial intelligence, UOQ upper outer quadrant, UIQ upper inner quadrant, 
LOQ lower outer quadrant, LIQ lower inner quadrant, DCIS ductal carcinoma 
in situ
a Values are the mean ± standard deviation
b Percentages are calculated based on the number of patients who had available 
data

Table 2  (continued)

Variable AI-detected Undetected p

Neoadjuvant chemotherapyb < 0.001

 Yes 12 (32.4) 5 (6.2)

Operation methodb < 0.001

 Mastectomy 21 (56.8) 18 (22.2)

 Breast-conserving operation 16 (43.2) 63 (77.8)

Invasivenessb 0.04

 DCIS 3 (8.1) 20 (24.7)

 Invasive carcinoma 34 (91.9) 61 (75.3)

Histologic upgradeb 0.44

 Yes 6 (16.2) 9 (11.1)

Invasive tumor sizea,b 12.7 ± 14.1 8.7 ± 9.5 0.93

 < 10 mm 15 (40.5) 47 (58.0)

 10–14 mm 9 (24.3) 18 (22.2)

 15–19 mm 5 (13.5) 6 (7.4)

 20–49 mm 7 (18.9) 10 (12.3)

 ≥ 50 mm 1 (2.7) 0 (0)

Axillary lymph node metastasisb 0.003

 Yes 11 (29.7) 7 (8.6)
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et  al., in which the distribution of cancer type was not 
significantly different between AI-detected and radiolo-
gist-detected cancers [21]. In previous studies, invasive 
carcinomas were more likely to be mammographically 
occult compared with DCIS [5, 28], and most of the can-
cers detected only by an AI software were invasive can-
cers [21]. Another study also showed that the sensitivity 
of an AI software was higher in invasive cancers than in 
DCIS [10]. In our study, the proportion of DCIS among 
the AI-detected cancers was similar to that in the general 
breast cancers reported in a recent statistics [29].

The important strength of our study is that we focused 
on the performance of an AI software in the detection of 
mammographically occult breast cancers consecutively 
extracted from a large number of patients. In addition, 
the results provided by the AI software were verified with 
the imaging findings of other modalities and pathologic 
reports, thereby confirming that the AI software cor-
rectly localized the cancers.

There are several limitations to our study. First, the 
results are from a single-center data with only cancer-
positive mammograms. A prospective study on the 
screening mammography of the general population is 
needed for a more generalizable result. Second, patients 
with a history of vacuum-assisted biopsy or breast sur-
gery were excluded from the study because post-biopsy 
or postoperative changes such as architectural distor-
tion could interfere with the result of AI analysis. Further 
research may be necessary to evaluate the effect of post-
operative or post-biopsy changes on AI analysis. Third, 
the AI software in the present study was not built to con-
sider prior mammograms in the analyses. As such, the 
usefulness of an AI software exploiting a more wide range 
of information that radiologists usually rely on during 
mammogram evaluation should be investigated in fur-
ther studies in order to improve the quality of analyses.

Conclusions
Our study shows that an AI-based diagnosis supporting 
software may confer an added value for the detection of 
mammographically occult breast cancer. A further pro-
spective study with a screening cohort may validate the 
clinical applicability of AI-based diagnosis supporting 
softwares.

Abbreviations
AI: Artificial intelligence; CAD: Computer-aided detection; CC: Craniocaudal; 
DCIS: Ductal carcinoma in situ; ER: Estrogen receptor; HER: Human epidermal 
growth factor receptor; LIQ: Lower inner quadrant; LOQ: Lower outer quadrant; 
MLO: Mediolateral oblique; PR: Progesterone receptor; SD: Standard deviation; 
UIQ: Upper inner quadrnat; UOQ: Upper outer quadrant.

Authors’ contributions
HHK contributed to study design, data acquisition, data analysis, manuscript 
preparation. HJK contributed to data adquisition, data analysis, manu-
script preparation. KHK contributed to data acquisition, data analysis. WJC 
contributed to data acquisition, manuscript preparation. EYC contributed 
to data analysis, manuscript preparation. HJS contributed to study design, 
data analysis. JHC contributed to study design, manuscript preparation. WHS 
contributed to technical development, data acquisition. All authors read and 
approved the final manuscript.

Funding
No funding was received.

Availability of data and materials
The datasets used and/or analyzed during the current study are available from 
the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate
The present study was approved by the Institutional Review Board of Asan 
Medical Center (approval no. 2019-1566), and the need for informed patient 
consent was waived for the use of anonymized patient data.

Consent for publication
Not applicable.

Competing interests
One author of this manuscript (KHK) is an employee of Lunit. All other authors 
declare no competing interests. The other authors declare that they have no 
competing interests.

Author details
1 Department of Radiology and Research Institute of Radiology, Asan Medi-
cal Center, University of Ulsan College of Medicine, 88, Olympic‑ro 43‑gil, 
Songpa‑gu, Seoul 05505, South Korea. 2 Lunit Inc., 15F, 27, Teheran‑ro 2‑gil, 
Gangnam‑gu, Seoul 06241, South Korea. 

Received: 4 October 2021   Accepted: 8 February 2022

References
	1.	 Rodriguez-Ruiz A, Lang K, Gubern-Merida A et al (2019) Stand-alone 

artificial intelligence for breast cancer detection in mammography: 
comparison with 101 radiologists. J Natl Cancer Inst 111:916–922

	2.	 Wu N, Phang J, Park J et al (2020) Deep neural networks improve radiolo-
gists’ performance in breast cancer screening. IEEE Trans Med Imaging 
39:1184–1194

	3.	 Dembrower K, Wahlin E, Liu Y et al (2020) Effect of artificial intelligence-
based triaging of breast cancer screening mammograms on cancer 
detection and radiologist workload: a retrospective simulation study. 
Lancet Digit Health 2:e468–e474

	4.	 Geras KJ, Mann RM, Moy L (2019) Artificial intelligence for mammography 
and digital breast tomosynthesis: current concepts and future perspec-
tives. Radiology 293:246–259

	5.	 Yang TJ (2011) Prognostic implications of patients with mammographi-
cally occult, early stage breast cancer. In: Yale Medicine Thesis Digital 
Library. https://​elisc​holar.​libra​ry.​yale.​edu/​ymtdl/​1606/. Accessed 3 Feb 
2021

	6.	 Majid AS, de Paredes ES, Doherty RD, Sharma NR, Salvador X (2003) 
Missed breast carcinoma: pitfalls and pearls. Radiographics 23:881–895

	7.	 Weber RJ, van Bommel RM, Louwman MW et al (2016) Characteristics and 
prognosis of interval cancers after biennial screen-film or full-field digital 
screening mammography. Breast Cancer Res Treat 158:471–483

	8.	 Broeders MJ, Onland-Moret NC, Rijken HJ, Hendriks JH, Verbeek AL, 
Holland R (2003) Use of previous screening mammograms to identify 
features indicating cases that would have a possible gain in prognosis 
following earlier detection. Eur J Cancer 39:1770–1775

https://elischolar.library.yale.edu/ymtdl/1606/


Page 11 of 11Kim et al. Insights into Imaging           (2022) 13:57 	

	9.	 Kim HE, Kim HH, Han BK et al (2020) Changes in cancer detection and 
false-positive recall in mammography using artificial intelligence: a retro-
spective, multireader study. Lancet Digit Health 2:e138–e148

	10.	 Kim EK, Kim HE, Han K et al (2018) Applying data-driven imaging bio-
marker in mammography for breast cancer screening: preliminary study. 
Sci Rep 8:2762

	11.	 Qiu Y, Yan S, Gundreddy RR et al (2017) A new approach to develop 
computer-aided diagnosis scheme of breast mass classification using 
deep learning technology. J Xray Sci Technol 25:751–763

	12.	 Topol EJ (2019) High-performance medicine: the convergence of human 
and artificial intelligence. Nat Med 25:44–56

	13.	 Litjens G, Kooi T, Bejnordi BE et al (2017) A survey on deep learning in 
medical image analysis. Med Image Anal 42:60–88

	14.	 Hosny A, Parmar C, Quackenbush J, Schwartz LH, Aerts H (2018) Artificial 
intelligence in radiology. Nat Rev Cancer 18:500–510

	15.	 Choy G, Khalilzadeh O, Michalski M et al (2018) Current applications and 
future impact of machine learning in radiology. Radiology 288:318–328

	16.	 Zhu W, Lou Q, Vang YS, Xie X (2016) Deep multi-instance networks with 
sparse label assignment for whole mammogram classification. In: Desco-
teaux M, Maier-Hein L, Franz A, Jannin P, Collins DL, Duchesne S (eds) 
Medical image computing and computer assisted intervention, MICCAI 
2017. Springer, Berlin

	17.	 Ribli D, Horvath A, Unger Z, Pollner P, Csabai I (2018) Detecting and clas-
sifying lesions in mammograms with Deep Learning. Sci Rep 8:4165

	18.	 Becker AS, Marcon M, Ghafoor S, Wurnig MC, Frauenfelder T, Boss A (2017) 
Deep learning in mammography: diagnostic accuracy of a multipurpose 
image analysis software in the detection of breast cancer. Invest Radiol 
52:434–440

	19.	 Kooi T, Litjens G, van Ginneken B et al (2017) Large scale deep learning for 
computer aided detection of mammographic lesions. Med Image Anal 
35:303–312

	20.	 Rodriguez-Ruiz A, Krupinski E, Mordang JJ et al (2019) Detection of breast 
cancer with mammography: effect of an artificial intelligence support 
system. Radiology 290:305–314

	21.	 McKinney SM, Sieniek M, Godbole V et al (2020) International evaluation 
of an AI system for breast cancer screening. Nature 577:89–94

	22.	 Rodriguez-Ruiz A, Lang K, Gubern-Merida A et al (2019) Can we reduce 
the workload of mammographic screening by automatic identification 
of normal exams with artificial intelligence? A feasibility study. Eur Radiol 
29:4825–4832

	23.	 Sechopoulos I, Mann RM (2020) Stand-alone artificial intelligence: the 
future of breast cancer screening? Breast 49:254–260

	24.	 Sasaki M, Tozaki M, Rodriguez-Ruiz A et al (2020) Artificial intelligence 
for breast cancer detection in mammography: experience of use of the 
ScreenPoint Medical Ttranspara system in 310 Japanese women. Breast 
Cancer 27:642–651

	25.	 Kohler BA, Sherman RL, Howlader N et al (2015) Annual report to the 
nation on the status of cancer, 1975–2011, featuring incidence of breast 
cancer subtypes by race/ethnicity, poverty, and state. J Natl Cancer Inst 
107:djv048

	26.	 Kang SY, Kim YS, Kim Z et al (2020) Breast cancer statistics in Korea in 
2017: data from a breast cancer registry. J Breast Cancer 23:115–128

	27.	 Howlader N, Altekruse SF, Li CI et al (2014) US incidence of breast cancer 
subtypes defined by joint hormone receptor and HER2 status. J Natl 
Cancer Inst 106:dju055

	28.	 Tartter PI, Weiss S, Ahmed S, Kamath S, Hermann G, Drossman S (1999) 
Mammographically occult breast cancers. Breast J 5:22–25

	29.	 American Cancer Society (2021) U.S. breast cancer statistics. https://​www.​
breas​tcanc​er.​org/​sympt​oms/​under​stand_​bc/​stati​stics. Accessed 3 Feb 
2021

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://www.breastcancer.org/symptoms/understand_bc/statistics
https://www.breastcancer.org/symptoms/understand_bc/statistics

	Mammographically occult breast cancers detected with AI-based diagnosis supporting software: clinical and histopathologic characteristics
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Key points
	Background
	Methods
	Study population
	Artificial intelligence software
	Pathological analysis
	Statistical analysis

	Results
	Performance of the AI software in the detection of mammographically occult breast cancers
	Clinical and pathologic characteristics of the mammographically occult breast cancers according to the result of the AI analysis

	Discussion
	Conclusions
	References


