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Objective: To test the performance of an artificial intelligence-based computer-aided diagnosis (AI-CAD) designed for full-
field digital mammography (FFDM) when applied to synthetic mammography (SM).

Materials and Methods: We analyzed 501 women (mean age, 57 + 11 years) who underwent preoperative mammography and
breast cancer surgery. This cohort consisted of 1002 breasts, comprising 517 with cancer and 485 without. All patients
underwent digital breast tomosynthesis (DBT) and FFDM during the preoperative workup. The SM is routinely reconstructed
using DBT. Commercial AI-CAD (Lunit Insight MMG, version 1.1.7.2) was retrospectively applied to SM and FFDM to calculate
the abnormality scores for each breast. The median abnormality scores were compared for the 517 breasts with cancer using
the Wilcoxon signed-rank test. Calibration curves of abnormality scores were evaluated. The discrimination performance was
analyzed using the area under the receiver operating characteristic curve (AUC), sensitivity, and specificity using a 10% preset
threshold. Sensitivity and specificity were further analyzed according to the mammographic and pathological characteristics.
The results of SM and FFDM were compared.

Results: AI-CAD demonstrated a significantly lower median abnormality score (71% vs. 96%, P < 0.001) and poorer calibration
performance for SM than for FFDM. SM exhibited lower sensitivity (76.2% vs. 82.8%, P < 0.001), higher specificity (95.5% vs.
91.8%, P < 0.001), and comparable AUC (0.86 vs. 0.87, P = 0.127) than FFDM. SM showed lower sensitivity than FFDM in
asymptomatic breasts, dense breasts, ductal carcinoma in situ, T1, NO, and hormone receptor-positive/human epidermal growth
factor receptor 2-negative cancers but showed higher specificity in non-cancerous dense breasts.

Conclusion: AI-CAD showed lower abnormality scores and reduced calibration performance for SM than for FFDM.
Furthermore, the 10% preset threshold resulted in different discrimination performances for the SM. Given these limitations,
off-label application of the current AI-CAD to SM should be avoided.

Keywords: Artificial intelligence-based computer-aided diagnosis; Synthetic mammography; Full-field digital mammography;
Sensitivity; Specificity

INTRODUCTION dimensional images of the breast by acquiring multiple
projections at different angles [1]. DBT helps reduce recall
Digital breast tomosynthesis (DBT) provides three- rates by reducing tissue superimposition [1]. Studies have
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demonstrated that combining DBT with full-field digital
mammography (FFDM) leads to higher cancer detection

rates and lower recall rates in screening populations than
using FFDM alone [2-5]. Since its approval by the U.S. Food
and Drug Administration in 2011, DBT use has dramatically
increased globally. Initially, the “combo mode,” utilizing both
DBT and FFDM, was implemented; however, this approach
doubled the radiation dose and increased scan time. Synthetic
mammography (SM), a two-dimensional (2D) image similar to
FFDM synthesized from DBT, has been introduced to address
these issues. Previous studies have reported no significant
differences in the diagnostic accuracy between DBT plus FFDM
and DBT plus SM, and SM does not increase the radiation dose
or scan time [6-8]. To date, only a few studies have directly
compared FFDM and SM in limited clinical situations such as
T1-stage breast cancer or microcalcifications [9,10]. These
studies demonstrated that both modalities perform comparably
in detecting T1-stage breast cancer [9] and microcalcifications
[10]. However, SM may exhibit reduced resolution and
conspicuity for asymmetries or small abnormalities compared
to FFDM [11-14].

Recently, artificial intelligence-based computer-aided
diagnosis (AI-CAD) has been increasingly integrated with
mammography in clinical practice [15-19]. AI-CAD has
improved diagnostic performance and reduced reading time
compared with radiologists working alone [20-24]. The
initial AI-CAD systems were developed using FFDM data [25].
Given the increased use of DBT with SM [26], evaluating
whether FFDM-based AI-CAD can be applied to DBT with SM
with satisfactory performance is important. Because FFDM
and SM are 2D images with comparable accuracy [9,10], we
hypothesized that FFDM-based AI-CAD could perform well
on SM. Despite its importance, the research on this topic is
limited [27]. Only one study by Lee et al. [28] addressed this
issue. This study applied commercially available AI-CAD to
both FFDM and SM in 192 patients with 203 breast cancers
and compared the abnormality scores and areas under the
receiver operating characteristics curve (AUCs) of AI-CAD
across both modalities [28]. They found high agreement
and comparable AUCs in the AI-CAD performance for FFDM
and SM [28]. However, the study did not evaluate the
overall sensitivity and specificity or assess the differences
in these metrics based on mammographic and pathological
characteristics. Therefore, further research is necessary to
determine the applicability of FFDM-based AI CAD.

Therefore, our study aimed to test the performance of
an AI-CAD designed for FFDM when applied to SM and to
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further evaluate its sensitivity and specificity according to
mammographic and pathologic characteristics.

MATERIALS AND METHODS

This single-center retrospective study was approved by the
Institutional Review Board of Korea University Guro Hospital
(IRB No. 2024GR0487), and the requirement for written
informed consent was waived.

Patient Selection

The inclusion criteria were patients with biopsy-proven
breast cancer who underwent surgery at Korea University Guro
Hospital between January 2019 and December 2021. During
this period, our institution routinely performed both FFDM and
DBT (“combo mode”) as part of the preoperative workup for
breast cancer patients. DBT was not performed in any setting
except for preoperative evaluation. The exclusion criteria
included patients who received neoadjuvant chemotherapy,
those who underwent excisional or vacuum-assisted biopsy
before mammography, those with prior breast surgery, and
those with missing images from either FFDM or DBT.

Clinicopathologic Data Collection

We retrospectively collected clinicopathological data from
electronic medical records. Clinical data included age, family
history of breast cancer, menopausal status, and presence of
cancer-related symptoms. Pathological data were based on
surgical pathology reports, including T-stage, N-stage, and
molecular subtype. Hormone receptor (HR) positivity was
defined as estrogen or progesterone receptor positive with
an Allred score of at least 3. Human epidermal growth factor
receptor 2 (HER2) positivity was defined as an HER2 score of
3+ or gene amplification by fluorescence in situ hybridization
in tumors with an HER2 score of 2+. Molecular subtypes were
categorized as HR-positive/HER2-negative, HR-positive/
HER2-positive, HR-negative/HER2-positive, or triple-negative.

Image Evaluation by Radiologists—Clinical Reading
FFDM and DBT were obtained simultaneously using the
same equipment (Selenia Dimensions version 1.8.3.4;
Hologic, Bedford, MA, USA) with craniocaudal (CC) and
medio-lateral-oblique (MLO) views for each breast. Lee et
al. [28] used Selenia Dimensions version 1.8.3.6, with no
differences in DBT and SM images between the two versions.
SM images were automatically reconstructed using DBT.
Two radiologists, one with 20 and another with 11 years of
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breast imaging experience, independently interpreted the
mammograms in clinical practice. No consensus was reached.
Breast density and mammographic features of known breast
cancers were assessed using the Breast Imaging Reporting
and Data System (BI-RADS) atlas. Clinical radiology

reports were collected without retrospective review.

The density was categorized as entirely fatty, scattered
fibroglandular, heterogeneously dense, or extremely

dense. The mammographic features were categorized as
mass, asymmetry, architectural distortion, associated
microcalcifications, microcalcifications alone, and occult (not
observed).

AI-CAD Application

This study retrospectively applied a commercial AlI-
CAD (Lunit Inc., INSIGHT MMG, version 1.1.7.2, Seoul,
Republic of Korea) to both FFDM and SM. This version of
AI-CAD was developed using FFDM data and was validated
in multinational studies [21]. We evaluated whether FFDM-
based AI-CAD could effectively interpret SM. It calculates
abnormality scores ranging from 0% to 100% for the CC
and MLO views of each breast as approximate indicators of
breast cancer probability [29]. The program was set up such
that, for cases with scores exceeding 10%, the specific score
and corresponding location were marked on the heatmap.
Conversely, for cases with scores not exceeding 10%, the
specific score and location were not marked on the heatmap.
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Instead, “low” is reported without any markings on the
heatmap. The commercial version of the current AI-CAD
system does not provide abnormal scores below the 10%
threshold. However, we obtained abnormality scores from
the vendor across all ranges regardless of the 10% threshold.

The AI-CAD generated abnormality scores ranging from
0% to 100% in the CC and MLO views of each breast. A
higher score between the CC and MLO views was selected
to represent each breast. With the cutoff threshold of this
program set at 10%, abnormality scores lower than 10%
were considered test-negative, whereas scores of 10% or
greater were considered test-positive. This 10% threshold
was independently selected in another study [21] and has
been widely used to evaluate AI-CAD [17,18,28,30].

Statistical Analysis

Analyses were performed per breast. The median
abnormality scores generated by AI-CAD were compared
between the SM and FFDM in 517 breasts with cancer using
the Wilcoxon signed-rank test. The calibration performance
of the abnormality scores of FFDM and SM was evaluated
using the calibration curves generated using the val.prob.ci.2
function from the rms package in R [31]. The discrimination
performance using AUC, sensitivity, specificity, and accuracy
using the 10% threshold were evaluated, and the results were
compared between SM and FFDM. The sensitivity, specificity,
and accuracy were compared using McNemar's test. AUCs

635 patients who underwent surgery for biopsy-proven breast cancers
between January 2019 and December 2021

Y

Exclusion (n = 134)
* Patients who underwent neoadjuvant
chemotherapy (n = 86)
« Excisional or vacuum-assisted biopsy before
mammography (n = 25)
* Prior breast surgery (n = 18)
* Missing images from the mammography (n = 5)

1002 breasts from 501 patients diagnosed with breast cancers
(including 16 patients with bilateral cancers) were included

A4

A4

517 breasts with cancer

485 non-cancer breasts

Fig. 1. Study flow chart.
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were compared using DelLong’s method. The sensitivity

of AI-CAD was compared between SM and FFDM with the
10% threshold according to symptoms, mammographic
density (nondense [defined as entirely fatty or scattered
fibroglandular], dense [defined as heterogeneously dense

or extremely dense]), and other features and pathological
characteristics using the McNemar test. The specificity of
AI-CAD was compared between SM and FFDM with a 10%
threshold according to the mammographic density (nondense
and dense) and the presence of biopsy-confirmed atypical
lesions using McNemar's test. In addition to the preset 10%
threshold, we identified the cutoff value that maximized the
Youden index for the SM. Statistical analyses were performed
using SPSS software (version 27; IBM Corp., Armonk, NY,
USA), MedCalc software (version 20; MedCalc Software

Ltd., Ostend, Belgium), and R version 4.4.1 (R Foundation
for Statistical Computing, Vienna, Austria). P < 0.05 was
considered significant.

RESULTS

Patient and Breast Characteristics

A total of 635 patients with biopsy-proven breast cancer
underwent surgery at our institution between January 2019
and December 2021 (Fig. 1). Of these, 86 patients were
excluded for receiving neoadjuvant chemotherapy, 25 for
having undergone excisional or vacuum-assisted biopsies, 18
for having had prior breast surgery, and five due to missing
images from either FFDM or DBT. Consequently, 501 women
(mean age, 57 + 11 years) were included in this study. Of
these patients, 16 had bilateral breast cancer. Therefore, our
analysis included data from 1002 breasts, 517 with and 485
without cancer. The clinicopathological and mammographic
characteristics of the patients are shown in Table 1.

Abnormality Score of AI-CAD in Breasts With Cancer

The median SM score was significantly lower than FFDM in
all 517 breasts with cancer (Fig. 2A, 71% for SM vs. 96% for
FFDM, P < 0.001). SM exhibited significantly lower median
scores than FFDM across subgroups categorized by symptom,
mammographic, and pathological characteristics (Fig. 2B-H, all
P < 0.05), except for asymmetry or architectural distortion
with microcalcifications (P = 0.082) and T3-4 stage cancers
(P =0.096).

Calibration Performance
The calibration curve for SM demonstrated a greater
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Table 1. Clinicopathologic and mammographic characteristics of
patients

Parameters Number

Patients (n = 501)
Age, yr, mean + standard deviation (ranges)
Age, yrs (categorical)

57 + 11 (26-85)

<50 139 (28)

>50 362 (72)
Family history

No 441 (88)

Yes 60 (12)
Menopausal status

Pre 215 (43)

Post 286 (57)

Breasts with cancer (n = 517)
Symptoms caused by cancer

Absent 140 (27)

Present 377 (73)
Mammographic density

Nondense 126 (24)

Dense 391 (76)
Mammographic features

Mass with calcifications 99 (19)

Mass 315 (61)

Asymmetry or architectural distortion with 5 (1)

calcifications

Asymmetry or architectural distortion 13 (3)

Calcifications only 43 (8)

Occult 42 (8)
T stage

0 (DCIS) 62 (12)

1 268 (52)

2 173 (33)

3-4 14 (3)
Lymph node metastasis

Absent 410 (79)

Present 107 (21)
Molecular subtype of invasive cancers

HR+/HER2- 342 (75)

HR+/HER2+ 69 (15)

HER2-enriched 15 (3)

Triple-negative 29 (6)

Breasts without cancer (n = 485)

Mammographic density

Nondense 122 (25)

Dense 363 (75)
Biopsy-confirmed lesions

None 467 (96)

Benign* 11 (2)

Atypia’ 7 (1)

Unless otherwise indicated, data are number of patients or breasts
with percentages in parentheses.

*Four fibrocystic changes, three usual ductal hyperplasia, two adenosis,
and two intraductal papillomas, "Four atypical ductal hyperplasia, two
flat epithelial atypia, and one lobular carcinoma in situ.

DCIS = ductal carcinoma in situ, HR = hormone receptor, HER2 =
human epidermal growth factor receptor 2
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Fig. 2. Comparison of abnormality scores of artificial intelligence-based computer-aided diagnosis system between FFDM and SM in
breasts with cancer, presented for all breasts and stratified by symptoms, mammographic, and pathologic characteristics. A: All breasts.
B: Presence or absence of symptoms. C: Mammographic density. D: Mammographic features of cancer. E: Pathologic type. F: T stage. G:
Lymph node metastasis. H: Molecular subtype of invasive cancer. The numbers on top of the bar graphs represent the group medians, and
the error bars correspond to the 95% confidence intervals. FFDM = full-field digital mammography, SM = synthetic mammography, HR =
hormone receptor, HER2 = human epidermal growth factor receptor 2

deviation from the ideal line than that for FFDM, indicating
an inferior calibration performance (Fig. 3). The mean
absolute error was higher for the SM than for the FFDM
(0.053 for the SM and 0.029 for the FFDM).

kjronline.org

Discrimination Performance of AI-CAD

Using the 10% preset threshold, AI-CAD applied to SM

demonstrated lower sensitivity (Table 2; 76.2% for SM vs.
82.8% for FFDM, P < 0.001), higher specificity (95.5%

for SM vs. 91.8% for FFDM, P < 0.001), and comparable
accuracy (85.5% for SM vs. 87.1% for FFDM, P =0.121) and
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Fig. 3. Calibration curves of abnormality scores from artificial intelligence-based computer-aided diagnosis for (A) FFDM and (B) SM.
A 45-degree ideal line (coarse dashed line) represents perfect calibration, where the predicted probabilities match the actual observed
probabilities. FFDM = full-field digital mammography, SM = synthetic mammography

Table 2. Discrimination performance of artificial intelligence-based
computer-aided diagnosis on FFDM and SM

FFDM SM P

Sensitivity 82.8 (79.3, 85.9) 76.2 (72.3,79.8) <0.001
[428/517] [394/517]

Specificity ~ 91.8 (88.9, 94.0) 95.5 (93.2, 97.1)  <0.001
[445/485] [463/485]

Accuracy 87.1 (84.9, 89.1) 85.5 (83.2, 87.7) 0.121
[873/1002] [857/1002]

AUC 0.87 (0.85, 0.89) 0.86 (0.84, 0.88)  0.127

Data are percentages except for AUC; data in parentheses are 95%
confidence intervals; data in brackets are numerators/denominators.
Results other than AUC were obtained using 10% (preset by the
vendor in the commercially available software) as the diagnostic
threshold.

FFDM = full-field digital mammography, SM = synthetic
mammography, AUC = area under the receiver operating
characteristic curve

AUC (0.86 for SM vs. 0.87 for FFDM, P = 0.127) than FFDM.
AI-CAD showed a significantly lower sensitivity to SM
than to FFDM in asymptomatic breasts (Table 3; 62.1% for
SM vs. 72.9% for FFDM, P = 0.041) and dense breasts (74.2%
for SM vs. 81.1% for FFDM, P < 0.001). Sensitivity of Al-
CAD was significantly lower on SM compared to FFDM for
occult cancers on mammography (Table 3, 21.4% for SM vs.
45.2% for FFDM, P = 0.021), ductal carcinoma in situ (61.3%
for SM vs. 77.4% for FFDM, P = 0.006), T1 cancers (71.6%
for SM vs. 79.1% for FFDM, P = 0.005), node-negative
cancers (72.2% for SM vs. 81.2% for FFDM, P < 0.001), and
HR+/HER2- subtype (77.5% for SM vs. 83.9% for FFDM, P =
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0.004). Figures 4 and 5 demonstrate representative cases
with mass and asymmetry, respectively, showing decreased
sensitivity on SM in patients with early-stage HR+/HER2-
breast cancer.

The specificity was significantly higher in dense breasts
for SM than for FFDM (Table 4, 96.1% for SM vs. 91.5% for
FFDM, P < 0.001). Similarly, the specificity was significantly
higher in breasts without biopsy-confirmed atypical lesions
on SM than on FFDM (Table 4; 95.4% for SM vs. 92.0%
for FFDM, P = 0.031). The specificity of SM and FFDM was
comparable in nondense breasts (92.6% for SM vs. 93.4%
for FFDM, P > 0.999) and in breasts with atypia (71.4%
for SM vs. 100% for FFDM, P = 0.141). A representative
case demonstrating the higher specificity of AI-CAD for SM
compared with FFDM is presented in Figure 6.

The threshold maximizing the Youden index was 4% for
SM (the apparent within-sample performance results are
provided in Supplementary Table 1).

DISCUSSION

Our study evaluated the feasibility of applying FFDM-based
AI-CAD to SM, which was obtained from DBT. The abnormality
score and performance of AI-CAD were compared between
FFDM and SM in 501 breast cancer patients, comprising 517
breasts with cancer and 485 breasts without cancer. AI-

CAD demonstrated significantly lower median abnormality
scores and poorer calibration performance on SM than on
FFDM, suggesting that, at minimum, threshold adjustments
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Table 3. Sensitivity of artificial intelligence-based computer-aided diagnosis according to symptoms, mammographic and pathologic

characteristics

FFDM SM P

Symptoms caused by cancer

Absent 72.9 (102/140) 62.1 (87/140) 0.041

Present 86.5 (326/377) 81.4 (307/377) 0.067
Mammographic density

Nondense 88.1 (111/126) 82.5 (104/126) 0.065

Dense 81.1 (317/391) 74.2 (290/391) <0.001
Mammographic features

Mass with calcifications 90.9 (90/99) 86.9 (86/99) 0.344

Mass 84.4 (266/315) 80.3 (253/315) 0.055

Asymmetry or architectural distortion with calcifications 100 (5/5) 80 (4/5) >0.999

Asymmetry or architectural distortion 53.8 (7/13) 23.1 (3/13) 0.125

Calcifications only 95.3 (41/43) 90.7 (39/43) 0.500

Occult 45.2 (19/42) 21.4 (9/42) 0.021
Pathologic type

DCIS 77.4 (48/62) 61.3 (38/62) 0.006

Invasive cancer 83.5 (380/455) 78.2 (356/455) 0.003
T stage

T1 79.1 (212/268) 71.6 (192/268) 0.005

T2 90.8 (157/173) 87.9 (152/173) 0.227

13-4 78.6 (11/14) 85.7 (12/14) >0.999
Lymph node metastasis

Absent 81.2 (333/410) 72.2 (296/410) <0.001

Present 88.8 (95/107) 91.6 (98/107) 0.508
Molecular subtype of invasive cancers

HR+/HER2- 83.9 (287/342) 77.5 (265/342) 0.004

HR+/HER2+ 84.1 (58/69) 82.6 (57/69) >0.999

HER2-enriched 86.7 (13/15) 86.7 (13/15) >0.999

Triple-negative 75.9 (22/29) 72.4 (21/29) >0.999

Data are percentages, with numerators/denominators in parentheses. Results were obtained using 10% (preset by the vendor in the

commercially available software) as the diagnostic threshold.

FFDM = full-field digital mammography, SM = synthetic mammography, DCIS = ductal carcinoma in situ, HR = hormone receptor, HER2 =

human epidermal growth factor receptor 2

may be necessary when applying AI-CAD to SM. With the
preset 10% threshold, AI-CAD showed lower sensitivity but
higher specificity and a comparable AUC for SM compared
with FFDM. Using adjusted thresholds, such as the Youden
index-based 4% for SM, AI-CAD may demonstrate comparable
sensitivity, specificity, and AUC to FFDM (Supplementary
Table 1). However, it should be noted that abnormality scores
below 10% are not routinely available in the commercial
version of AI-CAD. Thus, applying the current version of Al-
CAD to SM seems infeasible. Furthermore, the Youden index-
based threshold was not externally verified. Therefore, the
off-label use of AI-CAD in SM should be avoided.

Another study addressed a similar issue [28]. Lee et al.
[28] evaluated the applicability of the same AI-CAD software

kjronline.org https://doi.org/10.3348/kjr.2024.0664

for SM in 192 breast cancer patients, comprising 203 breasts
with cancer and 181 breasts without cancer. Contrary to

our results, AI-CAD showed significantly higher abnormality
scores for SM than for FFDM in breast cancer patients
(90.6% for SM vs. 84.8% for FFDM, P < 0.001) [28]. The
reason for the disparity in abnormality scores between the
two studies was difficult to determine because both studies
utilized the same brand of AI-CAD software and a similar
version of DBT that did not affect the image quality, and
they showed comparable baseline clinical and pathological
characteristics, except for the mammographic features of the
cancers. In contrast to our study, the previous study [28]
retrospectively evaluated mammographic features, including
the presence or absence of distortion associated with a
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Fig. 4. Images demonstrating decreased abnormality scores and sensitivity of AI-CAD on SM compared to FFDM for a T1, NO invasive
ductal carcinoma with hormone receptor-positive/human epidermal growth factor receptor 2-negative subtype in a 43-year-old woman.
A-F: The CC (A) and MLO (B) views of FFDM show a mass (arrows) in the left upper outer breast. AI-CAD (C) output screenshot from
FFDM detects the mass with abnormality scores of 72% on both CC and MLO views. The CC (D) and MLO (E) views of SM show a less
evident mass (arrows) with abnormality scores of 9% and 6%, respectively. AI-CAD (F) output screenshot from SM does not mark

the cancer because the scores are below the cutoff of 10%. We obtained all abnormality scores for each view, regardless of the 10%
cutoff, directly from the vendor for research purposes. AI-CAD = artificial intelligence-based computer-aided diagnosis, SM = synthetic
mammography, FFDM = full-field digital mammography, CC = craniocaudal, MLO = mediolateral oblique

mass. These contrasting results may indicate the limited distortion with microcalcifications (n = 5) and T3-4 stage
generalizability of AI-CAD in SM data, further reinforcing cancers (n = 14), likely because of the small sample sizes in
the recommendation against its off-label use in SM. these groups.

In our study, SM showed significantly lower median Using a 10% preset threshold, SM exhibited significantly
abnormality scores than FFDM across all patients and most lower sensitivity than FFDM in asymptomatic breasts, dense
subgroups categorized by mammographic and pathological breasts, occult lesions, DCIS, and T1, NO, and HR-positive/
features, except for cases with asymmetry or architectural HER2-negative breast cancers. In contrast, SM showed a
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Fig. 5. Images demonstrating decreased abnormality scores and sensitivity of AI-CAD on SM compared to FFDM for a T1, NO invasive ductal
carcinoma with hormone receptor-positive/human epidermal growth factor receptor 2-negative subtype in a 52-year-old woman. A-F: The
CC (A) view of FFDM does not clearly show cancer, but the MLO (B) view shows a subtle asymmetry (arrow), which is a biopsy-proven
cancer at the 6 o’clock position of the right breast. AI-CAD (C) output screenshot from FFDM correctly identifies the cancer on the MLO
view with an abnormality score of 45% but misses the cancer on the CC view with an abnormality score of 8%. The 27% marking on the
MLO view was a false-positive marking. The CC (D) view of SM also does not clearly show cancer with an abnormality score of 3%. The MLO
(E) view of SM shows a slightly more subtle asymmetry (arrow) compared to FFDM, with an abnormality score of 5%. AI-CAD (F) output
screenshot from SM does not mark the cancer because the scores are below the cutoff of 10%. We obtained all abnormality scores for each
view, regardless of the 10% cutoff, directly from the vendor for research purposes. AI-CAD = artificial intelligence-based computer-aided
diagnosis, SM = synthetic mammography, FFDM = full-field digital mammography, CC = craniocaudal, MLO = mediolateral oblique

significantly higher specificity than FFDM, particularly in The AI-CAD system used in this study was trained

dense breasts and those without biopsy-confirmed atypical exclusively on FFDM data without incorporating SM or DBT
lesions. The higher specificity of SM can be attributed to its ~ data during its development. Our findings indicate that
enhanced resolution and improved identification of normal applying FFDM-trained AI-CAD directly to SM images should
superimposed breast tissue on DBT, from which SM images be avoided, as it compromises the diagnostic performance.
are synthesized [2-5]. To address this limitation, developing a new AI-CAD system

kjronline.org https://doi.org,/10.3348/kir.2024.0664 225



Korean Journal of Radiology

Table 4. Specificity of artificial intelligence-based computer-aided
diagnosis according to mammographic density and presence of
biopsy-confirmed atypical lesions

FFDM SM P

Mammographic density

Nondense 92.6 (113/122) 93.4 (114/122) >0.999

Dense 91.5 (332/363) 96.1 (349/363) <0.001
Atypia

Absence 92.0 (440/478) 95.4 (456/478) 0.031

Presence 71.4 (5/7) 100 (7/7) 0.141

Data are percentages with numerators/denominators in parentheses.
Results were obtained using 10% (preset by the vendor in the
commercially available software) as the diagnostic threshold.

FFDM = full-field digital mammography, SM = synthetic
mammography

specifically trained on SM data or fine-tuning the existing
FFDM-based AI-CAD system using SM images would be
beneficial. Recent advancements have demonstrated success
in fine-tuning FFDM-based AI CAD systems using DBT image
stacks. For instance, a system initially trained on 60000 FFDM
cases was later fine-tuned using 12810 DBT image stacks,
enabling section-wise likelihood assessment [32]. This fine-
tuned AI-CAD demonstrated a high diagnostic performance
as both a standalone tool and an adjunct to radiologists
[32]. However, similar fine-tuning with SM data has yet to be
explored, underscoring the need for further research.

Our study had several limitations. First, a selection bias
may have occurred because of the single-center retrospective
design. Second, we utilized a single AI-CAD system. This
limits the generalizability of our results to AI-CAD systems
from different vendors or versions. Third, patients who
underwent neoadjuvant chemotherapy were excluded,
leading to a small number of patients with locally advanced,
HER2-positive, or triple-negative breast cancers in our
cohort. Fourth, we evaluated the standalone performance
of AI-CAD applied to SM and FFDM without considering DBT
images or how radiologists using this program interpreted
mammography in clinical practice. Fifth, our study utilized
a cancer-enriched cohort, as the indication for DBT at
our institution was a preoperative workup. Therefore, the
performance of AI-CAD in other settings, such as screening,
may differ from our results. Sixth, mammographic features
were analyzed based on clinical radiology reports without
retrospective reevaluation, which may have introduced bias
due to interobserver variability.

In conclusion, AI-CAD showed lower abnormality scores
and reduced calibration performance for SM than for FFDM.
Furthermore, the 10% preset threshold resulted in different
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discrimination performances for SM compared to FFDM. Given
these limitations, off-label application of the current AI-CAD
to SM should be avoided.
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right non-cancerous breast. A-F: The CC (A) and MLO (B) views of FFDM show a mass with microcalcifications (circles) in the left lower inner
breast, confirmed as cancer and an incidental asymmetry (arrows) in the right upper outer breast. AI-CAD (C) output screenshot from FFDM
marks the asymmetry, with abnormality scores of 33% and 22% on the CC and MLO views, respectively. The CC (D) and MLO (E) views of

SM show a less evident asymmetry (arrows), with abnormality scores of 0.62% and 0.46%, respectively. AI-CAD (F) output screenshot from
SM does not mark the asymmetry in the right breast because the scores are below the cutoff of 10%. We obtained all abnormality scores

for each view, regardless of the 10% cutoff, directly from the vendor for research purposes. AI-CAD = artificial intelligence-based computer-
aided diagnosis, SM = synthetic mammography, FFDM = full-field digital mammography, CC = craniocaudal, MLO = mediolateral oblique
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