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Abstract: Background: Although several studies have been conducted on the use of Artificial 
Intelligence (AI) in mammography (MG), research focusing on the diagnosis of metachronous 
bilateral breast cancer (BC), which is typically more challenging to diagnose, remains limited. This 
study assessed whether AI could enhance the detection of BC, achieving earlier or more accurate 
diagnoses than radiologists in cases of metachronous contralateral BC. Methods: The study included 
patients who underwent unilateral BC surgery and subsequently developed contralateral BC during 
follow-up. We evaluated the capability of the AI-supported MG diagnostic system FxMammo™ 
(FathomX Pte Ltd, Singapore) to diagnose BC more accurately or earlier than radiologists' 
assessments. This evaluation was supplemented by reviewing MG readings by radiologists. Results: 
Out of 1,101 patients who underwent surgery, 10 patients who had initially received a partial 
mastectomy and later developed contralateral BC were analyzed. The AI system identified 
malignancies in 6 cases (60%), while radiologists identified 5 cases (50%). Notably, two cases (20%) 
were diagnosed solely by the AI system. Additionally, for these cases, the AI system had identified 
malignancies a year prior to the conventional diagnosis. Conclusions: This study highlights the AI 
system's effectiveness in diagnosing metachronous contralateral BC via MG. In some cases, the AI 
system consistently diagnosed cancer at earlier than radiological assessments. 

Keywords: breast cancer; mammography; artificial intelligence; metachronous contralateral breast 
cancer 

 

1. Introduction 
In 2020, an estimated 2.2 million patients were diagnosed with breast cancer, making it the most 

common malignant disease among women in JAPAN [1]. Breast cancer accounted for over 68,000 
deaths that year, ranking it as the fifth leading cause of cancer related mortality worldwide [2]. 

Mammography (MG) is widely utilized for breast cancer screening and has been demonstrated 
to reduce mortality rates [3]. However, MG presents several challenges. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
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Dense breast tissue, which is prevalent among young and Asian women, can obscure cancer 
detection on MG and diminish its sensitivity [4]. Additionally, the risk of developing primary 
contralateral breast cancer is estimated to be 2 to 6 times higher than that of developing a second 
breast cancer in the general population [5–7]. Women under 50 years of age who develop contralateral 
breast cancer within five years of their first diagnosis face a mortality risk 3.9 times greater than those 
with unilateral cancer [8]. Although the combined use of MG and Magnetic Resonance Imaging (MRI) 
shows a sensitivity of 67% and a specificity of 50% for detecting metachronous contralateral breast 
cancer post-unilateral surgery [9], the guidelines currently recommend only physical exams and MG 
every 6 to 12 months for postoperative surveillance, without endorsing further imaging tests [10,11]. 

In Japan, MRI surveillance post-unilateral breast cancer surgery is generally not covered by 
insurance, except in cases such as hereditary breast and ovarian cancer syndrome (HBOC) [10,11]. 
Recent advancements in deep learning-based artificial intelligence (AI) have significantly outpaced 
traditional computer-aided detection (CAD) systems in breast imaging diagnostics [12]. Studies have 
shown that AI can alleviate the workload of radiologists without compromising diagnostic quality. 
Despite most screening participants being cancer-free, AI systems are capable of identifying normal 
mammary glands and can be used for either primary or secondary readings, potentially enhancing 
screening efficiency [13–16]. AI also holds promise for pre-diagnostically identifying high-risk breast 
cancer cases, potentially reducing intermediate-stage diagnoses and false-negative rates [16–18]. 
Post-unilateral breast cancer surgery, MG interpretation becomes more complex. Variations in the 
mammary gland background and the necessity of comparing images to the contralateral side 
complicate image assessments. Postoperative deformities and calcifications can preclude using the 
operated breast for comparative analyses, thereby increasing the diagnostic burden for radiologists 
and heightening patient anxiety about developing contralateral breast cancer. Bilateral breast cancer 
may also indicate HBOC [19]. 

Currently, routine MG is the only surveillance method for early detection of contralateral breast 
cancer, despite its limitations. Given these challenges, this study explores the potential of the AI 
system FxMammo™ (FathomX, Singapore), a mammography diagnostic support AI, to surpass 
radiologists in the accurate and early detection of metachronous contralateral breast cancer using 
MG. 

2. Materials and Methods 

Patients 
A total of 1,101 patients underwent breast cancer surgery at our hospital from January 2014 to 

December 2022. Among these, 42 cases of metachronous bilateral breast cancer were identified. 
Twenty-six patients were diagnosed with contralateral breast cancer at other institutions during 
follow-up, while 16 were diagnosed and underwent contralateral breast cancer surgery post-initial 
surgery at our hospital. Cases in which total mastectomy was performed as the initial surgery were 
excluded due to the inability of the AI system to align left and right images. Therefore, six patients 
were excluded, leaving ten cases for inclusion in this study (Figure 1). 
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Figure 1. Algorithm for the cases included in this study.The number of cases operated on at the 
hospital was 1,101. There were 1,101 cases of unilateral breast cancer, 58 cases of simultaneous 
bilateral breast cancer, and 42 cases of heterochronic bilateral breast cancer. Twenty-six cases of 
contralateral breast cancer were noted during follow-up at other hospitals, and 6 cases of total 
resection were performed as the initial surgery, making 10 cases eligible for this study. 

Ethical approval and consent to participate 
This study adhered to the Declaration of Helsinki, the Clinical Research Act (Act No. 16 of 2017), 

the Enforcement Regulations of the Clinical Research Act (Ministry of Health, Labor and Welfare 
Ordinance No. 17 of 2018), and relevant notices. Ethical approval was obtained from the Ethics 
Review Committee of our hospital (approval ID: M2019-232, approval date: 13 December 2019). 
Comprehensive informed consent was obtained from all patients regarding the use of their clinical 
data for research purposes. 

Data collecting 
Clinical information and pathological data were collected from medical records retrospectively. 

Images studies and diagnostic reports were obtained from the radiology reporting system. The 
imaging modalities utilized included MG, ultrasound (US), and MRI conducted before surgery for 
contralateral breast cancer. MG used 2D diagnosis without tomosynthesis. Imaging diagnosis was 
evaluated by Japanese radiologists according to breast imaging reporting and data system (BI-RADS) 
categories [20]. The BI-RADS categories were collected from the reporting system as diagnosed by 
the radiologists at the time of imaging. Malignancy was defined as BI-RADS category 4 or higher. 
Pathological diagnoses were made by physicians with a specialty in Japanese pathology. 

The AI system 
We used the MG AI system FxMammo🄬🄬 (FathomX Pte Ltd, Singapore). The AI system is based 

on deep learning and has been put into practical use in Singapore and other countries. The 
mechanism of FxMammo has been described in previous papers. The AI system is based on the VGG-
16 network [23]. The VGG network is one of the most used feature-extractor in medical imaging 
classification [24]. The AI was created by collecting 17,769 cases (of which 45% were malignant) from 
10 institutions in Taiwan, Thailand, Singapore, Hong Kong, China, Malaysia and Japan. An analysis 
using validation data yielded an AUC of 0.909 (95% Confidence Interval CI [0.900, 0.918]). Although 
in Japan, the AI system has not been approved for clinical use and is used for research purposes. Four 
MG images (craniocaudal [CC], mediolateral oblique [MLO], left and right) taken before surgery for 
heterochronic contralateral breast cancer were transferred from the reporting system to the AI 
system. The AI system analyzed MG data. The threshold value was set as 40.0 %, (Sensitivity were 
set at 91.5 %and specificity were 82.0%). The AI system indicated the probability of malignancy for 

diagnosed
during follow-up

at another
hospital= 26

first operation
mastectomy= 6

1101 breast cancer
surgery cases

Unilateral breast
cancer= 1001

Simultaneous
breast cancer

= 58

metachronous
bilateral breast

cancer= 42

Cases included
in this study =

10

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 31 July 2024                   doi:10.20944/preprints202407.2456.v1

https://doi.org/10.20944/preprints202407.2456.v1


 4 

 

each of the four cards as a percentage. In addition, areas that the AI system was interested in were 
displayed in color on a heat map. (Figure 2). 

 
Figure 2. Displaying images in FxMammo. An image of the mediolateral oblique of mammography 
is shown on the left. Spiculated mass is seen in the left upper area. On the right is the result of the AI 
system analysis, with the areas of interest to the AI system indicated by the colors in the heatmap. 
The percentage of malignancy is shown on the left and right sides, respectively (right 3.3%, left 94.2%). 

Postoperative surveillance 
Postoperative breast cancer surveillance at our hospital basically includes MG and US once a 

year. MRI is performed when breast cancer is strongly suspected by MG or US, or after breast cancer 
is diagnosed by biopsy. However, the interval of surveillance may become wider or narrower 
depending on the patients’ reasons. MG (CC and MLO) was performed both of right and left. The US 
was performed by radiologists who specialize in breast imaging diagnosis. MRI of both breasts was 
acquired using a 3.0-T system with a breast coil and the patient in the prone position. Unenhanced 
and enhanced phases were acquired at 1, 2, and 6 min in the axial plane after intravenous bolus 
injection of gadolinium (0.1 mL/kg), using a fat-suppressed T1-weighted sequence (TR/TE = 6.5/2.4, 
flip angle = 10°, 2 mm thick section, 512 × 512 matrix, 360 mm field of view). The number of years 
until contralateral surgery was calculated in full years, omitting decimal places. 

Postoperative surveillance 
For each image, the possibility of malignancy was diagnosed according to BI-RADS. In cases where 

the AI system diagnosis differed from the radiologists' interpretation, the images and pathology were 
compared and examined in detail. Based on the analysis results, the breast cancer detection rate for each 
modality was calculated. All the analyses in were conducted using the EZR software package version 
1.31 (Saitama Medical Center, Jichi Medical University, Saitama, Japan) [25]. 

Postoperative breast cancer surveillance at our hospital basically includes MG and US  once a 
year. MRI is performed when breast cancer is strongly suspected by MG or US, or after breast cancer 
is diagnosed by biopsy. However, the interval of surveillance may become wider or narrower 
depending on the patients’ reasons. MG (CC and MLO) was performed both of right and left. The US 
was performed by radiologists who specialize in breast imaging diagnosis. MRI of both breasts was 
acquired using a 3.0-T system with a breast coil and the patient in the prone position. Unenhanced 
and enhanced phases were acquired at 1, 2, and 6 min in the axial plane after intravenous bolus 
injection of gadolinium (0.1 mL/kg), using a fat-suppressed T1-weighted sequence (TR/TE = 6.5/2.4, 
flip angle = 10°, 2 mm thick section, 512 × 512 matrix, 360 mm field of view). The number of years 
until contralateral surgery was calculated in full years, omitting decimal places  

Statical analysis 
For each image, the possibility of malignancy was diagnosed according to BI-RADS. In cases  

where the AI system diagnosis differed from the radiologists' interpretation, the images and 
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pathology were compared and examined in detail. Based on the analysis results, the breast cancer 
detection rate for each modality was calculated. All the analyses in were conducted using the EZR 
software package version 1.31 (Saitama Medical Center, Jichi Medical University, Saitama, Japan) 
[25]. 

3. Results 

Patient characteristics 
The study included 10 cases, all of whom were Japanese females. Table 1 presents the clinical 

and pathological characteristics at the time of the first surgery. The median age diagnosed at first 
breast cancer was 68 years (range: 40 -74 years). There were 3 cases (30%) at Stage 0, 4 cases (40%) at 
Stage I, and 3 cases (30%) at Stage II. Chemotherapy was administered to 4 cases (40％), and endocrine 
therapy was given to 6 cases (60％). Radiation to the preserved breasts was performed in all cases. 

Table 1. Clinical and pathological characteristics at the time of the first surgery. 

No of 
case Age TNM Stage Procedure 

Axillary 
lymph 
node 

Histology Biology Chemotherapy Endocrine 
therapy 

RT 
 

1 55 T2N1M0 0 Bp Ax IDC HER2 ○ × ○ 

2 71 T1micN0M0 Ⅰ Bp None 
A 

pocrine 
HER2 × × ○ 

3 68 T1cN0M0 Ⅰ Bp SNB IDC Luminal × ○ ○ 
4 70 T1bN1M0 Ⅰ Bp None IDC Luminal × ○ ○ 
5 68 T2M0M0 ⅡA Bp Ax IDC Luminal ○ ○ ○ 
6 60 T1cN0M0 Ⅰ Bp SNB IDC Luminal ○ ○ ○ 
7 63 TisN0M0 0 Bp SNB DCIS Luminal × × ○ 
8 40 TisN0M0 0 Bp SNB DCIS Luminal × × ○ 
9 66 T1cN0M0 Ⅰ Bp Ax IDC Luminal × ○ ○ 

10 74 T1bN1M0 ⅡA Bp SNB IDC Luminal ○ ○ ○ 
RT: radiation therapy; Bp: breast -conserving therapy; SNB: sentinel lymph node biopsy; Ax: axillary lymph 
node dissection; IDC: invasive ductal carcinoma; DCIS: ductal carcinoma in situ; HER2: human epidermal 
growth factor receptor2. 

Table 2 describes clinical and pathological factors regarding contralateral breast cancer. The 
median time to contralateral breast cancer was 8 years (range: 2-10 years). The T classification ranged 
from Tis in 2 cases (20％), T1 in 7 cases (70％), T2 in 1 case (10％), Stage 0 was in 2 cases (20％), Stage 
Ⅰ  in 7 cases (70％ ), and Stage ⅡA in 1 case (10％ ). Histological types were invasive ductal 
carcinoma (IDC) in 6 cases (60％ ), ductal carcinoma in situ (DCIS) in 2 cases (20％ ), apocrine 
carcinoma in 1 case (10％) and invasive lobular carcinoma (ILC) in 1 case (10％). Biology was Luminal 
in 4 cases (40％), human epidermal growth factor receptor (HER)2 in 1 cases (10％), Luminal-HER2 
in 1 cases (10％), and triple negative breast cancer (TNBC) in 4 cases (40％). 

Table 2. Age at diagnosis of contralateral breast cancer, surgical method, and pathological 
examination. 

No 
of 

case 

Years to 
contralateral 

breast 
cancer 
(years) 

Age at diagnosis of 
contralateral breast 

cancer 
TNM Stage Procedure Axillary 

lymph node Histology Subtype 

1 8 63 T1cN0 Ⅰ Bt SNB IDC LuminalHER2 
2 3 74 T1micN0 Ⅰ Bp SNB Apocrine TNBC 
3 10 78 T1cN0 Ⅰ Bp SNB ILC Luminal 
4 9 79 TisN0 0 Bt SNB DCIS TNBC 
5 8 76 T1micN0 Ⅰ Bt SNB IDC Luminal 
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6 9 69 T2N0 ⅡA Bp SNB IDC Luminal 
7 2 65 T1cN0 Ⅰ Bp SNB IDC TNBC 
8 6 46 T1cN0 Ⅰ Bt SNB IDC Luminal 
9 8 74 T1aN0 Ⅰ Bt SNB IDC TNBC 

10 8 82 TisN0 0 Bt SNB DCIS HER2 
Bt: Breast total mastectomy; Bp: breast conserving therapy; SNB: sentinel lymph node biopsy; IDC: invasive 
ductal carcinoma; DCIS: ductal carcinoma in situ; TNBC: triple negative breast cancer; HER2: human epidermal 
growth factor receptor2. 

Imaging diagnosis at the time of diagnosis 
Table 3 describes the imaging findings at the time of diagnosis of contralateral breast cancer. The 

MG categories according to BI-RADS were 1 in 4cases (40％), 2 in 1case (10%), 4 in 3 cases (30％), and 
5 in 2 cases (20％). The US categories according to BI-RADS were 2 in 2cases (20％), 4 in 5cases (50％
), and 5 in 3 cases (30％). The MRI categories according to BI-RADS were 1 in 1 case (10％)and 4 in 
9cases (90％). In cases 1 to 8, the lesions could be identified by US, so preoperative histological 
diagnosis was performed by US. In case 9, the lesion could be identified only by MRI, so MRI-guided 
biopsy was performed. In case 10, the preoperative diagnosis was Paget's disease based on abrasive 
cytology. Although no lesions were found within the breast o imaging, postoperative specimens 
determined that there was DCIS within the breast. Accuracy was calculated for each imaging 
modality and the AI system. The accuracy for each imaging modality and the AI system was 
calculated, with MG at 50%, the AI system at 70%, US at 80%, and MRI at 90%, with MRI having the 
highest accuracy, followed by US, the AI system, and radiologist readings of MG (Figure 3). 

Table 3. BI-RADS categories by image and mammary gland density in MG at the time of diagnosis of 
contralateral breast cancer. 

No of 
case Mammographic density 

MG BI-
RADS MG findings 

US BI-
RADS 

MRI BI-
RADS 

1 Heterogeneous 2 Calcification(benign) 5 4 
2 Scattered 1 No 4 4 
3 Scattered 5 Mass 5 4 
4 Scattered 4 Calcification 4 4 
5 Heterogeneous 4 Calcification 4 4 
6 Heterogeneous 5 Mass 4 4 
7 Heterogeneous 4 Mass 5 4 
8 Heterogeneous 1 No 4 4 
9 Heterogeneous 1 No 1 4 

10 Heterogeneous 1 No 1 1 
BIRADS: breast imaging reporting and data system; MG: mammography; US: ultrasonography; MRI: Magnetic 
Resonance Imaging. 
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Figure 3. Breast cancer detection rate by imaging modality.Mammography (MG), ultrasonography 
(US), Magnetic Resonance Imaging (MRI), and the artificial intelligence (AI) system, respectively, to 
diagnose the degree of malignancy. The highest diagnostic accuracy was 90% for MRI, followed by 
US, AI systems, and MG read by radiologists, in that order. 

Diagnosis by the AI system and comparison with past images 
Table 4 shows the results of the analysis of the diagnosis of MG heterochronic bilateral breast  

cancer using the AI system. In cases 1 to 6, the diagnosis by the AI system indicated a possibility of 
malignancy. In cases 1 and 2, where the radiologists' readings diagnosed no possibility of 
malignancy, only the AI system diagnosed possible malignancy. We reviewed the MG images of 
these two cases. The area of interest by the AI system was identified as focal asymmetric density 
(FAD) with increased density compared to other areas upon viewing after the final diagnosis. In cases 
3, 4, 5, and 6, both the AI and the radiologists diagnosed malignancy. Two cases involved masses and 
2 cases involved calcifications (Table 3). In case 7, only the radiologists diagnosed a mass visible only 
in the MLO direction as potentially malignant, which was a low-density mass. In cases 8, 9, and 10, 
both the radiologists and the AI system diagnosed no malignant findings. For cases 1 to 6, one MG 
image prior to the time of diagnosis was analyzed to verify whether the AI system could diagnose 
breast cancer at an earlier timing (Table 5). In most cases, there was no difference between the AI 
system's diagnosis and the radiologists’ diagnosis. However, in cases 1 and 2, the AI system had 
previously diagnosed malignancy. 

Table 4. Malignant possibility and diagnosis using the AI system when diagnosing breast cancer. 

No of case MLO, % CC, ％ AI diagnosis 
1 44.6 68.9 Malignancy 
2 6.9 77.0 Malignancy 
3 3.4 50.2 Malignancy 
4 68.5 65.9 Malignancy 
5 66.5 37.5 Malignancy 
6 30.2 42.5 Malignancy 
7 2.6 4.0 No 
8 9.9 2.2 No 
9 13.8 27.5 No 

10 14.0 17.4 No 
MLO: mediolateral oblique; CC: craniocaudal; AI: artificial intelligence. 

Table 5. Analysis of MG by AI in the year before the time of diagnosis. 

No of case Duration since 
diagnosing MG 

Previous MLO, % Previous CC, % AI diagnosis 

1 1Y3M 88.5 77.0 Malignancy 
2 1Y6M 0.1 60.9 Malignancy 
3 7Y0M 5.4 1.8 No 
4 1Y10M 17.6 5.5 No 
5 3Y7M 19.4 19.3 No 
6 1Y5M 0.6 2.3 No 

MG: mammography; AI: artificial intelligence; MLO: mediolateral oblique; CC: craniocaudal. 

Representative case 
Cases 1, where only the AI system could diagnose, were examined in detail. In case 1, the AI 

system diagnosed a malignant finding in the right C area, considering it as the region of interest 
(Figure 4). In case 7, only the radiologists diagnosed a potentially malignant mass about MG (Figure 
5). Compared to last year, it appeared as focal asymmetric density. Radiologists diagnosed as BI-
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RADS category 4; AI diagnosed no malignant findingsThis section may be divided by subheadings. 
It should provide a concise and precise description of the experimental results, their interpretation, 
as well as the experimental conclusions that can be drawn. 

 

 

 

a

b

c
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Figure 4. Representative case (case1). (a) MG. (b) US. (c) MRI. (d) AI diagnosis. (e) previous AI 
diagnosis.A 55 years old woman had left side breast cancer. Eight years later, she was diagnosed with 
right breast cancer. It was Lumina human epidermal growth factor receptor2 with 15 mm of invasive 
cancer and 15 mm of non-invasive cancer.(a) There were no malignant findings in the right side of 
mammography (MG).(b) Ultrasonography revealed a hypoechoic mass in the right outer area.(c) 
Magnetic Resonance Imaging revealed a mass with contrast enhancement of a total size of 37 mm in 
the right outer area.(d) The Artificial Intelligence (AI) system diagnosed malignant findings in the 
right breast based on MG at the time of diagnosis.(e) The AI system also showed areas of interest in 
MG prior to diagnosis and diagnosed as possibly malignant. 

 

d e

a
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Figure 5. Representative case (case 7). (a) MG. (b) US. (c) MRI. (d) AI diagnosis.A 63 yearsold woman 
had left side breast cancer. Two years later, she was diagnosed with right breast cancer. It was T1c, 
triple negative breast cancer. (a) A mass was found in the right upper area in mammography (MG) 
and diagnosed as  breast imaging reporting and data system (BI-RADS) Category 4. (b) 
Ultrasonography revealed a hypoechoic masse in the right upper outer area.(c) Magnetic Resonance 
Imaging revealed a mass with contrast enhancement in the left upper outer area.(d) The Artificial 

b

c

d
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Intelligence system diagnosed no malignancy. The mass visible on MG was not seen on MG a year 
earlier. Although the mass was of the same density as the background mammary gland, the 
radiologists diagnosed it to be possibly malignant upon comparison and reading. 

4. Discussion 

In this study, we investigated the efficacy of an AI system for the MG diagnosis of asynchronous 
contralateral breast cancer. By comparing the diagnostic abilities of radiologists and the AI system, 
we found that in 2 out of 10 cases (20%), only the AI system identified potential malignancy, which 
had also been similarly assessed by the AI prior to mammographic diagnosis. Additionally, both the 
radiologists and AI system concurred in the absence of malignancy signs in 3 cases (30%), which were 
diagnosed complementarily with US, MRI, and physical examination. The primary reason for 
concordant diagnoses between radiologists and the AI system seems to be that the AI training data 
was created by humans, suggesting that the AI system may mimic human diagnostic patterns. 

The significance of this study can be divided into three major aspects. Firstly, the use of an AI 
system could enhance diagnostic accuracy and facilitate early detection of breast cancer. According 
to the NCCN guidelines [10], annual MG is recommended for post-operative breast cancer patients, 
who face a 2-6 times higher risk of contralateral breast cancer compared to non-cancer patients [5–7]. 
Particularly in cases of contralateral surgeries, the lack of comparative images complicates diagnosis, 
hence the AI system could effectively supplement this limitation. Some instances where the AI system 
solely diagnosed malignancy on past MG highlight its potential as a diagnostic aid. 

Secondly, the implementation of an AI system could reduce the workload and stress on 
radiologists. By undertaking efficient image analysis, AI allows radiologists to focus on more critical 
cases, potentially improving diagnostic accuracy. Additionally, referencing AI analysis could boost 
the radiologists' confidence in their diagnoses, thereby reducing psychological stress. With 
advancements in technology, the precision of AI diagnostics may evolve, possibly transforming the 
role of radiologists into a more efficient diagnostic process. 

Thirdly, the AI system could offer psychological reassurance to patients. Patients who have 
experienced breast cancer often fear recurrence or new cancer development; detailed image analysis 
by AI could help them better understand their health status and gain reassurance[26]. Particularly, 
heatmaps generated by AI could visually demonstrate suspicious areas, potentially alleviating 
patient anxiety. 

In recent years, AI technology has advanced and is being applied to various medical imaging 
modalities [27–32]. In breast cancer imaging diagnosis, its usefulness has been demonstrated in 
multiple modalities, including MG, US, MRI, and positron emission tomography [33–37].  

To date, only one study has reported the use of AI for postoperative surveillance of breast cancer. 
Out of 314 cases, three were heterochronic contralateral breast cancers. The recall rate for contralateral 
breast cancer was significantly lower with the combination of mammography and AI system (1.5%) 
compared to mammography alone (6.6%, p<0.01). The accuracy was significantly higher with the 
combination of mammography and AI system (97.1%) compared to mammography alone (92.5%, 
p<0.001) [21]. The use of AI resulted in a decreased recall rate and improved accuracy, which mirrors 
the trend observed in this study. We only considered cases of heterochronic contralateral breast 
cancer; however, a larger-scale validation including non-recurrent cases is necessary to further verify 
the utility of the AI system. 

There are several limitations to this study. Firstly, it is a retrospective, single-center study with 
a small sample size. Additionally, while the AI system is approved for mammographic screening in 
other countries, it is still not approved for clinical use in Japan and is only available for research 
purposes. There is little evidence on its use in post-operative patients. Future studies should collect 
more mammographic data from multiple facilities to conduct prospective validations of the AI 
system. 
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5. Conclusions 

In the mammographic diagnosis of asynchronous contralateral breast cancer, the AI system 
demonstrated the ability to identify signs of malignancy that might be overlooked by radiologists. 
These results suggest that the AI system could contribute to the early detection and enhanced 
accuracy of breast cancer diagnosis. 
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