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Background:  Limited data are available regarding the accuracy of artificial intelligence (Al) algorithms trained on bilateral mammograms for second
breast cancer surveillance in patients with a personal history of breast cancer treated with unilateral mastectomy.

Purpose:  To compare the performance of standalone Al for second breast cancer surveillance on unilateral mammograms with that of radiologists

reading mammograms without Al assistance.

Materials and Methods:  In this retrospective institutional database study, patients who were diagnosed with breast cancer between January 2001 and
December 2018 and underwent postmastectomy surveillance mammography from January 2011 to March 2023 were included. Radiologists
mammogram interpretations without Al assistance were collected from these records and compared with Al interpretations of the same
mammograms. The reference standards were histologic examination and 1-year follow-up data. The cancer detection rate per 1000 screening
examinations, sensitivity, and specificity of standalone Al and the radiologists” interpretations without Al were compared using the McNemar test.

Results: Among the 4184 asymptomatic female patients (mean age, 52 years), 111 (2.7%) had contralateral second breast cancer. The cancer
detection rate (17.4 per 1000 examinations [73 of 4184]; 95% CI: 13.7, 21.9) and sensitivity (65.8% [73 of 111]; 95% CI: 56.2, 74.5) were greater
for standalone Al than for radiologists (14.6 per 1000 examinations [61 of 4184]; 95% CI: 11.2, 18.7; P = .01; 55.0% [61 of 111]; 95% CI: 45.2,
64.4; P = .01). The specificity was lower for standalone Al than for radiologists (91.5% [3725 of 4073]; 95% CI: 90.6, 92.3 vs 98.1% [3996 of
4073]; 95% CI: 97.6, 98.5; P < .001). Al detected 16 of 50 (32%) cancers missed by radiologists; however, 34 of 111 (30.6%) breast cancers were

missed by both radiologists and Al

Conclusion: ~ Standalone Al for surveillance mammography showed higher sensitivity with lower specificity for contralateral breast cancer detection in
patients treated with unilateral mastectomy than radiologists without Al assistance.

© RSNA, 2025

Supplemental material is available for this article.

reast cancer is the most common malignancy in women

worldwide (1). The number of breast cancer survivors is in-
creasing due to advances in both breast cancer screening and can-
cer treatment (2). Patients with a personal history of breast cancer
(PHBC) are at risk for developing a second breast cancer, includ-
ing an ipsilateral recurrence or a new primary cancer in the treated
or contralateral breast. Therefore, surveillance mammography is
recommended for patients with a PHBC, with observational
studies and meta-analyses showing reduced breast cancer mortal-
ity and improved quality of life with surveillance (3). However,
surveillance mammography in patients with a PHBC has lower
sensitivity (69.9% vs 86.9%) and higher interval cancer rates (3.4
vs 0.8 per 1000 examinations) than general screening mammog-
raphy (95% of examinations from individuals without a history
of breast cancer) (4,5). Some interval breast cancers at mammog-
raphy result from radiologists’ failure to detect abnormalities (6)
along with the presence of dense breast tissue (3). These cancers
are associated with poor prognostic markers, including larger tu-
mor size, negative hormone receptor status, and positive lymph
node status (5). Hence, there is a need for more precise and ef-
fective tools for screening and surveillance mammography to im-
prove patient outcomes.

In recent years, various mammographic artificial intelli-
gence (AI) systems have been developed and validated (7-9).
Indeed, several retrospective studies have shown promising re-
sults with Al systems for breast cancer detection from screen-
ing mammography (10-16). Al systems can be used for
concurrent clinical decision support to improve radiologists’
overall accuracy in reading mammograms (7-9). In the recent
Mammography Screening with Artificial Intelligence or, MA-
SAI trial, standalone Al systems served as independent read-
ers in a double-reading setting (17). Although Al has shown
promise in improving screening mammography interpretation,
evidence regarding the interpretation of surveillance mammo-
grams in patients with a PHBC is sparse, with only one study
to date (18) that investigated Al for reading mammography
in patients treated with conservation surgery. In addition, al-
though AI algorithms are typically trained on bilateral mam-
mography examinations, no study has investigated Al accuracy
for second breast cancer surveillance in patients treated with
unilateral mastectomy. Given the growing population of pa-
tients with a PHBC undergoing surveillance mammography,
investigating how this unique group can benefit from Al is
highly important.
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Abbreviations
Al = artificial intelligence, PHBC = personal history of breast cancer

Summary

Standalone artificial intelligence (AI) could detect contralateral breast
cancers in patients treated with unilateral mastectomy, showing
higher cancer detection rates and sensitivity than radiologists
without Al assistance.

Key Results

B In a retrospective study of 4184 female patients treated with
unilateral mastectomy, standalone artificial intelligence (AI) showed
a higher cancer detection rate (17.4 vs 14.6 per 1000 examinations;
P =.01) and sensitivity (65.8% vs 55.0%; P = .01) but lower
specificity (91.5% vs 98.1%; P < .001) than radiologists detecting
contralateral breast cancer on mammograms.

m Al identified 16 of 50 (32%) cancers missed by radiologists;
however, 34 of 111 (30.6%) total breast cancers were missed by
both radiologists and AL

‘The purpose of this study was to compare the performance of
a standalone Al system for second breast cancer surveillance in
patients treated with unilateral mastectomy with that of radiolo-
gists reading mammograms without Al assistance.

Materials and Methods

Study Sample

This retrospective study was approved by the institutional re-
view board of the Seoul National University Hospital, and the
requirement for informed consent was waived. A retrospective
search of the Seoul National University Hospital database was
performed to identify consecutive patients with primary uni-
lateral breast cancer diagnosis of ductal carcinoma in situ or
a stage [-11I invasive cancer, according to the American Joint
Committee on Cancer staging manual, eighth edition (19),
who underwent definitive treatment with mastectomy (but
not bilateral mastectomy) between January 2001 and De-
cember 2018. Annual mammography was offered along with
supplemental annual or semiannual whole-breast US or MRI
for the first 5 years after breast cancer treatment and annually
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thereafter for patients with PHBC (20). Additional inclusion
criteria were receipt of postoperative surveillance with unilat-
eral digital mammography from January 2011 to March 2023.
Patients with no reference standard for breast cancer status and
patients with a history of benign mass excision or reduction
mammoplasty in the contralateral breast that could interfere
with accurate lesion assessment were excluded. Since surveil-
lance mammography was performed for each patient more
than once during the study period, the earliest available surveil-
lance mammogram was used for analysis in patients without a
second cancer diagnosis; otherwise, the mammogram immedi-
ately preceding the second breast cancer diagnosis at the insti-
tution was used (Fig 1).

Imaging Protocol

All imaging data were obtained as part of routine clinical prac-
tice and stored in the institutional picture archiving and com-
munication system. The two-dimensional mammographic
imaging data were acquired using a full-field mammography
unit (Selenia Dimensions, Hologic; Senographe 2000D, GE
HealthCare). Unilateral digital mammography included two
views (mediolateral oblique and craniocaudal) of the breast. At
the time of unilateral mammogram acquisition, Al was not ap-
plied; thus, the radiologists (2-30 years of experience in breast
imaging, including S.M.H. and J.M.C., with 10 and 17 years
of experience, respectively) who interpreted the mammograms
did not have AT results available.

Image Analysis

The radiologists determined breast density, mammographic
findings, and final assessment category during routine clinical
care using the American College of Radiology Breast Imaging
Reporting and Data System (21,22). Mammographic examina-
tions with heterogeneously or extremely dense breasts were clas-
sified as having dense tissue (23). Previous mammographic, US,
or MRI examinations were available for comparison at the time
of mammogram reading. When mammography was scheduled
on the same day as supplemental US, the radiologists reported
the mammographic findings first, independently of the US
evaluation; only afterward did they report the US findings and

5018 consecutive patients treated with unilateral mastectomy for stage 0-II breast cancers
from January 2001 to December 2018, with postoperative surveillance unilateral
mammography from January 2011 to March 2023

Exclude

Patients with no follow-up, n=315

» Patients who performed contralateral excision
with scar, n=519

4184 Patients with 31131 Examinations

L ¥
Breast Cancer, n=111 No Breast Cancer, n=4073
Screening mammograms immediately Earliest screening mammogram during
preceding breast cancer diagnosis a cohort time period selected for analysis

selected for analysis

Figure 1:  Flowchart of the final study sample. Since screening mammography was performed more than once during a cohort fime

period (January 2011 to March 2023), the earliest screening mammogram was used for analysis in patients without a second cancer

diagnosis, and the mammogram immediately preceding the second breast cancer diagnosis was used for analysis in pafients with a

diagnosis and freatment of second breast cancer.
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Table 1: Study Population Characteristics
Patients with Contralateral Patients without Contralateral

Variable All Patients (7 = 4184) Breast Cancer (7= 111) Breast Cancer (7 = 4073)
Mean age at first breast cancer diagnosis (y) 52.0 + 10.9 (21 -86) 51.1 +10.3 (28-80) 52.0 + 10.9 (21-86)
Median age at first breast cancer diagnosis (y) 51 (44-59) 50 (43-58) 51 (44-59)
Mammographic breast density*

Almost entirely fatty, BI-RADS A 111 (2.7) 2(1.8) 109 (2.7)

Scattered fibroglandular density, BI-RADS B 1289 (30.8) 31 (27.9) 1258 (30.9)

Heterogeneously dense, BI-RADS C 2397 (57.3) 67 (60.4) 2330 (57.2)

Extremely dense, BILRADS D 387 (9.2) 11 (9.9) 376 (9.2)
Mammographic breast density (dichotomous)*

Nondense, BI-RADS A and B 1400 (33.5) 33 (29.7) 1367 (33.6)

Dense, B-RADS C and D 2784 (66.5) 78 (70.3) 2706 (66.4)
BRCA1/2 genetic testing

Untested 3854 (92.1) 83 (74.8) 3771 (92.6)

Tested

Negative result 293 (7.0) 21(18.9) 272 (6.7)
Positive result 37 (0.8) 7 (6.3) 30 (0.7)

Note.—Data are presented as means + SDs with ranges in parentheses, as medians with IQRs in parentheses, or as numbers of patients with
percentages in parentheses. BI-RADS = Breast Imaging Reporting and Data System.
* Breast density categories are according to the American College of Radiology BI-RADS.

make a final assessment with recommendations on the basis of

both modalities and guidance (Appendix S1).

Al Software Application

A commercially available Al software (Lunit INSIGHT for
Mammography, version 1.1.7.1; Lunit) that was validated
through a multinational study was used (7). The model training
was described in Appendix S1 (24). Since the Al system was used
for standard four-view mammography at the study institution
but not routinely applied for unilateral mammography, Al was
retrospectively applied to all postmastectomy surveillance mam-
mograms included in this study. The Al algorithm provided pre-
diction scores for each view independently using an image-level
classifier. Analytic results were presented as a separate gray-scale
image, with overall per-breast abnormality scores for each medio-
lateral oblique and craniocaudal view ranging from 0 to 100 and
a heat map of abnormal areas that could indicate malignancy.

Data Collection and Reference Standards

The clinical digital mammography reports were extracted from
medical records, and Al abnormality scores were collected. For ra-
diologist interpretations, lesions with recalled findings (excluding
technical recalls) from initial mammography reports (Breast Im-
aging Reporting and Data System categories of 0, 3, 4, or 5) were
considered positive. For the standalone Al, lesions with abnormal-
ity scores of 10 or greater were considered positive. A true-positive
result was defined as the heat map marking a site corresponding
to a breast cancer diagnosis, and a false-positive result was de-
fined as a heat map annotation at a different site. For breasts with
one lesion, the highest score from both views was used as the
examination-level score. If more than one lesion was identified in
a breast, the highest abnormality score across lesions was used as
the final examination-level score. Two breast radiologists (S.M.H.
and J.M.C,, with 10 and 17 years of experience, respectively) ret-
rospectively reviewed all mammography reports and Al scores in
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consensus, along with cancer status data of lesions identified at
surveillance mammography, to assess whether the interpreting
radiologists or Al software identified or missed a cancer lesion.
Mammograms obtained after wire localization and preoperative
MRI or US images were used as reference standards to determine
the location of the cancer. Additional data were also collected
from medical records, including age, breast density, delay between
initial breast cancer surgery and surveillance mammography, and
BRCA gene mutation status. Histologic examinations and at least
1 year of follow-up data were used as the reference standards.
Patients diagnosed with ductal carcinoma in situ or invasive car-
cinoma were considered to have contralateral breast recurrences.
For malignant lesions, pathologic tumor size, histologic type,
TNM stage, estrogen receptor status, progesterone receptor sta-
tus, and human epidermal growth factor receptor type 2 status
were collected (Appendix S1). High-risk lesions, including atypi-
cal ductal hyperplasia, lobular cancer in situ, and complex scleros-
ing lesions, were considered benign. Lesions that were diagnosed
as benign at biopsy or surgery or those that did not change at
follow-up for 1 year or more were also considered benign. Finally,
the mode of detection (mammography, breast US, or MRI) for

contralateral breast cancers was recorded for investigation.

Statistical Analysis

All statistical analyses were conducted using individual mammog-
raphy examinations as the unit of analysis. The cancer detection
rate, sensitivity, specificity, recall rate, positive predictive value, and
negative predictive value were calculated for the entire study sam-
ple (Appendix S1). The 95% Cls were estimated as the Clopper-
Pearson exact Cls for proportions. Sensitivity and specificity were
compared using the McNemar test. A generalized estimating
equation was used to compare the positive predictive value and
the negative predictive value. Performance comparisons between
standalone Al and radiologist interpretation were performed for
mammographic density subgroups (dense vs nondense) using post
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Figure 2: Images in a 65-year-old patient with contralateral second breast cancer 6.3 years after right mastectomy. (A) Left craniocaudal and

(B) mediolateral oblique mammograms assessed as benign. (€) The artificial intelligence algorithm outlined a lesion with a score of 31 on the craniocau-

dal view. (D) Supplemental axial US scan, which was obtained on the same day as the mammogram, shows an iregular hypoechoic mass (arrows) in the
left upper central breast. (E) Preoperative sagittal contrast-enhanced T1-weighted MRI scan shows the corresponding enhancing mass (arrow) in the left

upper center. The mass was proven to be ductal carcinoma in situ. LCC = left craniocaudal, LMLO = left mediolateral oblique.

hoc analyses. Statistical analysis was performed using SAS, version
9.4 (SAS Institute). Post hoc power analyses were conducted using
PASS 2022 (NCSS Statistical Software) (Appendix S1). A two-
sided P < .05 indicated a statistically significant difference.

Results

Patient Characteristics

Among the 5018 eligible female patients with breast cancer treated
with unilateral mastectomy, 834 patients without reference stan-
dard data (7 = 315) or with prior surgery in the contralateral breast
that could interfere with lesion assessment (72 = 519) were excluded.
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Ultimately, 4184 asymptomatic consecutive patients (mean age at
imaging, 52.0 years + 10.9 [SD]; range, 21-86 years) were included
in the analysis (Fig 1). Mammographic breast density was classified
as nondense in 1400 (33.5%) patients and dense in 2784 (66.5%)
patients. Additional information is provided in Table 1.

Diagnostic Performance of Standalone Al versus Radiologists
The total 0f 4184 patients included 111 patients with breast cancer
and 4073 patients with no breast cancer diagnosis over a median
follow-up time of 6 years (IQR, 3.4-9.7 years). The cancer detec-
tion rate was 17.4 per 1000 examinations (73 of 4184; 95% CI:
13.7, 21.9) for standalone Al versus 14.6 per 1000 examinations
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Table 2: Comparison of Diagnostic Performance between Radiologists and Standalone Al
Parameter Radiologists Standalone Al P Value
Total
Cancer detection rate per 1000 examinations 14.6 (61/4184) [11.2, 18.7] 17.4 (73/4184) [13.7, 21.9] .01
Sensitivity (%) 55.0 (61/111) [45.2, 64.4] 65.8 (73/111) [56.2, 74.5] .01
Specificity (%) 98.1 (3996/4073) [97.6, 98.5] 91.5 (3725/4073) [90.6, 92.3] <.001
Recall rate (%) 3.3 (138/4184) [2.8, 3.9] 10.1 (421/4184) [9.2, 11.0] <.001
PPV (%) 44.2 (61/138) [35.8, 52.9] 17.3 (73/421) [13.8, 21.3] <001
NPV (%) 98.8 (3996/4046) [98.4, 99.1] 99.0 (3725/3763) [98.6, 99.3] .047
Patients with dense breast
Cancer detection rate per 1000 examinations 15.4 (43/2784) [11.2, 20.7] 19.0 (53/2784) [14.3, 24.8] .01
Sensitivity (%) 55 (43/78) [43.4, 66.4] 68 (53/78) [56.4, 78.1] .01
Specificity (%) 97.8 (2646/2706) [97.2, 98.3] 90.3 (2443/2706) [89.1, 91.4] <.001
Recall rate (%) 3.7 (103/2784) [3.0, 4.5] 11.4 (316/2784) [10.2, 12.6] <001
PPV (%) 41.7 (43/103) [32.1, 51.9] 16.8 (53/316) [12.8, 21.4] <.001
NPV (%) 98.7 (2646/2681) [98.2, 99.1] 99.0 (2443/2468) [98.5, 99.3] .04
Patients with nondense breast
Cancer detection rate per 1000 examinations 12.9 (18/1400) [7.6, 20.2] 14.3 (20/1400) 8.7, 22.0] .69
Sensitivity (%) 55 (18/33) [36.4, 71.9] 61 (20/33) [42.1, 77.1] .69
Specificity (%) 98.8 (1350/1367) [98.0, 99.3] 93.8 (1282/1367) [92.4, 95.0] <.001
Recall rate (%) 2.5 (35/1400) [1.7, 3.5] 7.5 (105/1400) [6.2, 9.0] <.001
PPV (%) 51 (18/35) [34.0, 68.6] 19.0 (20/105) [12.0, 27.9] <.001
NPV (%) 98.9 (1350/1365) [98.2, 99.4] 99.0 (1282/1295) [98.3, 99.5] .60
Note.—Data in parentheses are numerators and denominators; data in brackets are 95% Cls. P values were obtained from McNemar tests for
sensitivity and specificity and from generalized estimating equations for positive predictive value (PPV) and negative predictive value (NPV).
The 95% ClIs for proportions were calculated using the Clopper-Pearson exact CI. Al = artificial intelligence.

(61 of 4184; 95% CI: 11.2, 18.7; P = .01) for radiologist inter-
pretations alone. The sensitivity was greater with standalone Al
(65.8% [73 of 111]; 95% ClI: 56.2, 74.5) than with radiologist
interpretation (55.0% [61 of 111]; 95% CI: 45.2, 64.4; P = .01).
The specificity of standalone Al (91.5% [3725 of 4073]; 95%
CI: 90.6, 92.3) was lower than that of radiologist interpretation
(98.1% [3996 of 4073]; 95% CI: 97.6, 98.5; P < .001). The
recall rate was higher with standalone Al (10.1% [421 of 4184];
95% CI: 9.2, 11.0) than with radiologist interpretation (3.3%
[138 of 4184]; 95% CI: 2.8, 3.9; P < .001). The positive predic-
tive value (17.3% [73 of 421]; 95% CI: 13.8, 21.3) was lower
with standalone Al than with radiologist interpretation (44.2%
[61 of 138]; 95% CI: 35.8, 52.9; P < .001). Stratification accord-
ing to density revealed similar performance in patients with dense
breasts to that in the total patients. The number of second cancers
among patients with nondense breasts was both relatively small
and had wide Cls, with no evidence of differences in the cancer
detection rate, sensitivity, and negative predictive value between
radiologists and standalone Al (Table 2).

Characteristics of Contralateral Breast Cancers
Among the 111 patients with contralateral breast cancer, 62.2%
(7 = 69) had invasive cancer and 37.8% (7 = 42) had ductal carci-
noma in situ. The median invasive cancer size was 1.0 cm (IQR,
0.6-1.5 cm). Most cancers (97.3%; 7 = 108) were stage 0, I, or II,
with 63.1% (7 = 70) that were estrogen receptor or progesterone
receptor positive and 93.7% (n = 104) that did not have lymph
node metastasis.

Among the 111 detected cancers, 61 cancers were detected
at surveillance mammography by the interpreting radiologists.
For the other 50 cancers, the mammograms were interpreted
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as negative by radiologists; among these initially missed can-
cers, 43 were detected with other breast imaging modalities:
supplemental US (0-10.2 months after mammography, 7 = 36),
supplemental MRI (0-5.8 months after negative mammogra-
phy, 7 = 5), and chest CT (z = 2). The remaining seven can-
cers were detected with palpable symptom presentation (4.8-6.3
months). Among all the cancers, 57 (51.4%) were detected by
both the radiologists and Al, and 34 (30.6%) were detected by
neither. A total of 20 (18.0%) cancers were detected by either
Al only (n = 16; 14.4%) (Fig 2) or radiologists only (7 = 4;
3.6%) (Table 3). Among the 16 cancers detected by Al but not
by radiologists, 69% (n = 11) were invasive (median size,
1.5 em; IQR, 0.6-3.4 cm), 63% (7 = 10) were stage [ or II, 69%
(n = 11) were estrogen receptor or progesterone receptor positive,
and 88% (7 = 14) were without lymph node metastasis. The four
invasive cancers identified by radiologists but missed by Al had
lesion types of asymmetry (7 = 3) or a mass (7 = 1) at mammog-

raphy (Table S1, Fig 3).

Discussion

Given that the use of artificial intelligence (AI) in breast cancer
screening can enhance diagnostic performance and efficiency,
implementing Al for evaluating surveillance mammography in
patients treated with mastectomy may enable earlier detection of
contralateral second breast cancer and facilitate timely surgery,
ultimately improving survival outcomes. Our study demon-
strated that a standalone Al system can achieve a higher cancer
detection rate (17.4 vs 14.6 per 1000 examinations) and sensi-
tivity (65.8% vs 55.0%) for contralateral breast cancers in pa-
tients treated with unilateral mastectomy than can radiologists’
mammographic interpretation alone. Although Al identified 16



Al versus Radiologist for Unilateral Surveillance Mammography after Mastectomy Ha et al
Table 3: Characteristics of Cancers
Both Radiologists ~ Radiologists Missed ~ Radiologists Both Radiologists
Total No. of and AI Detected and Al Detected Detected and Al and Al Missed
Characteristic Cancers (z=111)  Cancer (7 = 57) Cancer (7 = 16) Missed Cancer (z=4)  Cancer (n = 34)
Histologic type
Noninvasive 42 (37.8) 25 (44) 5(31) 0 12 (35)
Invasive 69 (62.2) 32 (56) 11 (69) 4 (100) 22 (65)
Invasive ductal 60/69 (87) 26/32 (81) 9/11 (82) 4/4 (100) 21/22 (96)
Invasive lobular 7169 (10) 5/32 (16) 1/11 (9) 0 1/22 (5)
Mixed ductal and lobular 1/69 (2) 0 1/11 (9) 0 0
Adenoid cystic carcinoma 1/69 (2) 1/32 (3) 0 0 0
Size of invasive cancer (cm) 1.0 (0.6-1.5) 1.0 (0.7-1.5) 1.5 (0.6-3.4) 1.1 (0.7-2.4) 1.1 (0.5-1.3)
Lymph node status
No metastasis 104 (93.7) 53 (93) 14 (88) 4 (100) 33 (97)
Metastasis 7 (6.3) 4(7) 2 (12) 0 1(3)
Cancer type
DCIS 42(37.9) 25 (44) 5(31) 0 12 35)
Invasive cancer, stage I 55 (49.5) 27 (47) 6(38) 3 (75) 19 (56)
Invasive cancer, stage II 11 (9.9) 5(9) 4 (25) 1(25) 1(3)
Invasive cancer, stage I1I 1(0.9) 0 1(6) 0 0
Invasive cancer, stage [V 2(1.8) 0 0 0 2 (6)
Invasive cancer stage [ or II 66 (59.5) 32 (56) 10 (63) 4 (100) 20 (59)
Invasive cancer stage [l or IV~ 3 (2.7) 0 1(6) 0 2 (6)
Immunohistochemical subtype
ER or PR positive 70 (63.1) 35 (61) 11 (69) 2 (50) 22 (65)
HER?2 positive 16 (14.4) 12 (21) 1(6) 0 309
Triple negative 21 (18.9) 8 (14) 3 (19) 2 (50) 8 (24)
Data not available 4 (3.6) 2 (4) 1(6) 0 1(3)
Note.—Data are presented as numbers with percentages in parentheses or medians with IQRs in parentheses. Al = artificial intelligence,
DCIS = ductal carcinoma in situ, ER = estrogen receptor, HER2 = human epidermal growth factor receptor type 2, PR = progesterone receptor.

of 50 cancers missed by radiologists, suggesting improved cancer
detection ability, 34 of 111 total breast cancers were undetected
by either radiologists or Al, indicating that there is additional
room for improvement in detecting asymptomatic contralateral
breast cancers.

Efforts to improve earlier cancer detection in patients with
a PHBC to date have focused on the use of supplemental US,
MR, or contrast-enhanced mammography (25-27). Although
the results of these studies on supplemental surveillance imaging
are promising, these modalities also introduce additional burdens
such as increased time, cost, and use of contrast agents.

The advancement of Al technology in breast imaging has
broadened in scope, extending beyond cancer detection in
screening mammography (28). It can also be applied to density
measurement (29), risk assessment (30,31), and determining
the need for supplemental screening (32). The use of Al in the
posttreatment surveillance setting has been tested in only one
other study thus far (18). Specifically, Yoon et al (18) evaluated
digital breast tomosynthesis and Al performance in addition to
digital mammography in patients treated with breast-conserving
surgery. In their retrospective reader study, significantly lower
sensitivity and higher specificity were reported for ipsilateral
breast evaluation, and higher specificity was reported for con-
tralateral breast evaluation with Al support compared with that
achieved with digital mammography without AI (18). There
was no benefit of Al aid in terms of sensitivity, perhaps due to
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the limited sample of patients with cancer in that study (7 =
6). Our findings provide support for the use of Al in mammo-
graphic surveillance for patients treated with unilateral mastec-
tomy, revealing that Al substantially increases cancer detection.
The recall rate of Al was higher than that of radiologist inter-
pretation; however, this may be attributed to the remarkably
low recall rate of radiologist interpretation in our study com-
pared with that reported in prior studies (5). Our study cohort
consisted of patients who underwent unilateral mammography
with prior mammography, which may have contributed to the
lower recall rate. In addition, the image-level data analysis used
in our analysis (24) could also have influenced the number of
Al detections. Indeed, Al systems can extract various types of
information from mammographic images with different levels
of analysis (ie, the case level, image level, and lesion level) (33).

Standalone Al detected 16 of the 50 cancers that were missed
by radiologists. The cancers were mostly stage I or I, estrogen re-
ceptor— or progesterone receptor—positive invasive cancers with-
out lymph node metastasis, indicating that Al may support early
detection. However, the sensitivity of standalone Al for surveil-
lance is relatively low (65.8%) compared with that of prior meta-
analyses in screening patients without PHBC (approximately
80%) (16). This result may be due to the high prevalence of pa-
tients with dense breasts among those with a PHBC (66.5%),
which may lower the performance of radiologists or Al in reading
mammograms. Indeed, 38 of the 111 cancers in our study with



Al versus Radiologist for Unilateral Surveillance Mammography after Mastectomy

Ha et al

Figure 3: Imagesin a 51-year-old patient with contralateral second breast cancer 2.8 years after right mastectomy. (A) Left

craniocaudal and (B) mediolateral oblique mammograms assessed as negative. (€) When arificial intelligence was applied,

no abnormalities were noted. (D) Supplemental axial US scan, which was obtained on the same day as the mammogram, shows
an irregular hypoechoic mass (arrows) in the left upper outer breast. Pathology results at biopsy revealed invasive ductal carci-

noma (pTTNO, 1.0 cm, esfrogen receptor negafive, progesterone receptor negative, human epidermal growth factor receptor

type 2 negafive, histologic grade Il). LCC = left craniocaudal, LMLO = left mediolateral oblique.

false-negative results (34.2%; four missed by Al and 34 missed
by both radiologists and AI) were in patients with dense breasts
(66%; 25 of 38); these cancers were mostly stage 0 or I (89%;
34 of 38) or cancers measuring 1 cm or less (66%; 25 of 38) and
were detected at concurrent or subsequent supplemental breast
US or MRI surveillance (79%; 30 of 38). These results imply
that negative results obtained from the current version of the Al
algorithm may not be appropriate for standalone use and that
supplemental multimodality imaging may continue to improve
early second breast cancer detection (34). Additionally, consider-
ing that false-negative assessments by radiologists and Al differ
and that Al yielded 193 false-positive results to find 16 additional
cancers, an ideal approach for the current algorithm could involve
the use of an Al system as an interactive tool during radiologist
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interpretation. This approach could help prevent overlooking
cancer findings or interpretation errors while simultaneously re-
ducing false-positive findings caused by either radiologists or Al
Further prospective studies on the interpretation of surveillance
mammography with Al aid are warranted.

Our study had several limitations. First, it was a retrospec-
tive study conducted at a single institution. Second, radiologists’
mammography interpretations were made in comparison with
those of prior mammograms, whereas the Al system did not
consider prior mammograms. Third, patients with postsurgical
changes were excluded. It is possible that the relative low specific-
ity of Al may be even lower if it is applied to evaluate postsurgical
breasts. Fourth, we included only two-dimensional mammogra-
phy, and three-dimensional mammography such as digital breast
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tomosynthesis or synthetic mammography were not included.
Finally, Al results were obtained from a system of a single vendor
that was not specifically designed for unilateral mammography
evaluation. Thus far, there are no commercially available or even
experimental Al algorithms specifically dedicated to unilateral
mammography, and it is uncertain when such algorithms might
be developed. Thus, the use of existing Al software for patients
who have had mastectomies could be a more pragmatic and ef-
ficient approach for improving contralateral breast cancer detec-
tion rather than waiting until dedicated Al systems are developed
for patients treated with mastectomy. Larger prospective stud-
ies using various Al software algorithms applied to both digital
mammography and digital breast tomosynthesis examinations
are needed to validate our findings and to support Al use for the
surveillance of patients treated with unilateral mastectomy.

In conclusion, it may be feasible to apply a commercially
available artificial intelligence (Al) algorithm to the standalone
detection of contralateral breast cancers in patients treated with
unilateral mastectomy, with Al achieving a higher cancer detec-
tion and sensitivity than that of radiologist interpretation alone.
However, the relatively high proportion of cancers missed by
both Al and radiologists underscores the need for further stud-
ies to support the translation of this promising technology into
routine clinical practice.
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