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Digital breast tomosynthesis (DBT) provides improved cancer detection and lower recall
rates when compared with full-field digital mammography (DM) and has been widely adopt-
ed for breast cancer screening. However, adopting DBT presents new challenges such as an
increased number of acquired images resulting in longer interpretation times. Artificial intel-
ligence (Al) offers numerous opportunities to enhance the advantages of DBT and mitigate
its shortcomings. Research in the DBT Al domain has grown significantly and Al algorithms
play a key role in the screening and diagnostic phases of breast cancer detection and char-
acterization. The application of Al may streamline the workflow and reduce the time re-
quired for radiologists to interpret images. In addition, Al can minimize radiation exposure
and enhance lesion visibility in synthetic two-dimensional DM images. This review provides
an overview of Al technology in DBT, its clinical applications, and future considerations.

Index terms Digital Breast Tomosynthesis; Mammography; Artificial Intelligence

INTRODUCTION

Digital breast tomosynthesis (DBT) was developed and approved by the Food and
Drug Administration (FDA) in 2011 to improve cancer detection and reduce the rate
of false-positives (1). DBT enables quasi-three-dimensional breast reconstruction,
allowing better visualization of lesions and removal of the overlying tissue. Conse-
quently, key mammographic findings, such as masses, areas of architectural distor-
tion, and asymmetries are better discerned and characterized with greater confi-
dence in DBT images than in conventional two-dimensional (2D) mammographic
images (2, 3). A recent meta-analysis reported a pooled incremental cancer detec-

tion rate (CDR) of 1.6 per 1000 screening examinations with DBT after a negative as-
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sessment using digital mammography (DM) (4). DBT combined with DM or synthesized
mammography (SM) is rapidly becoming a routine screening tool for breast cancer. As of
2024, 92% of all accredited mammography units in the United States are DBT units (5). Ac-
cording to the American College of Radiology Appropriateness Criteria, mammography and
DBT are the first options for breast cancer screening (6). In addition, reports showed that
women with clinical symptoms or abnormal screening findings could be more effectively
evaluated for breast cancer using DBT, which exhibited superior diagnostic performance in
comparison to DM alone (2).

Although DBT combined with DM or SM provides enhanced breast cancer detection and
characterization when compared with DM alone, it has also introduced challenges, such as an
increase in acquired images and doubled reading time. Furthermore, cognitive (an abnormal-
ity is prospectively identified at the initial image interpretation, but its significance is incor-
rectly understood, resulting in an incorrect diagnosis) and perception errors (an abnormality
is determined to have been present in retrospect but not detected prospectively) still occur (7-
9). Consequently, to reduce the DBT workload and improve diagnostic accuracy, assistance is
needed. Several studies have suggested the application of artificial intelligence (AI) for these
tasks. Al can be applied to DBT in various ways, including breast cancer detection, case priori-

tization, breast density assessment, and cancer risk evaluation (10, 11).

TECHNICAL CONSIDERATIONS OF Al FOR DBT

As the clinical use of DBT for breast cancer screening increases, application of ATl models
for DBT is highly anticipated. Current FDA-cleared Al products utilizing DBT and/or SM are
listed in Table 1 (12, 13). Interpretation times for DBT images are longer than those for DM
images (14), thus, Al models are crucial for improving efficiency. However, developing ATl al-
gorithms for DBT, as opposed to DM, poses increased and significant technical challenges.

One of the primary challenges is the nature of DBT imaging, which involves the use of
multiple high-resolution slices. This inherently leads to the requirement of significantly
more computational resources to develop Al models for DBT than for DM. DM and DBT both
produce high-resolution images that require significant computational power but in the case
of DBT, the presence of multiple images per study further amplifies the resource demands
for training and inference processes. Consequently, the development of AT for DBT is subject
to stricter cost-sensitivity constraints than that for DM. For instance, Al methodologies that
combine craniocaudal and mediolateral oblique view images, or leverage both prior and cur-
rent examinations, are technically more challenging to develop for DBT (15, 16).

Another challenge is that the number of examinations available for DBT model training is
limited in comparison to DM. Acquiring a large dataset of DBT examinations is challenging
for several reasons. The publicly available datasets available for DBT are fewer than those for
DM. This may be due to larger DBT image sizes that increase the labor-intensity of collection,
processing, and sharing. Some studies attempted to overcome this limitation by using an an-
notation-efficient deep-learning approach that effectively leveraged both strongly and weakly
labeled data, progressive training in stages while maintaining localization-based interpret-

ability, ultimately achieving state-of-the-art performance in mammogram classification, and
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successfully extending to DBT (17); However, these approaches introduced additional con-
straints on model design.

Creating high-quality annotations, which are essential for accurate Al algorithm develop-
ment, is challenging in DBT. DBT images provide more precise visualization of masses by mini-
mizing tissue superimposition. However, annotating every slice in a DBT study is time-consum-
ing and labor-intensive. To reduce cost and time, only the center slice of the biopsied case can
be annotated; however, this can lead to incorrect z-axis localization of annotations (18).

Finally, DBT images exhibit significant variability across vendors, adversely affecting the
generalizability of AT applications. Differences in factors such as rotation angles of acquisi-
tion, number of images captured per scan, and reconstruction methods used to generate 3D
images result in more pronounced discrepancies between manufacturers than those ob-
served with DM (19). This variability can be particularly detrimental to DBT because of the
limited availability of training and testing data.

CLINICAL APPLICATIONS OF Al FOR DBT

IMPROVED DIAGNOSTIC PERFORMANCE

The main goal of Al development for DBT is to enhance cancer detection and distinguish
malignant from benign lesions (Figs. 1, 2). Many studies showed that when compared with
traditional DBT interpretation without Al, AT algorithms significantly increased the sensitivi-
ty of DBT cancer detection. In a systematic review and meta-analysis of four DBT with AI
studies, the area under the receiver operating characteristic curve (AUC) for standalone Al
was significantly higher than that for radiologists (0.90 vs. 0.79; p < 0.001) (20). Conant et al.
(21) compared the performance of 24 radiologists (including 13 breast radiologists) reading
260 DBT examinations (including 65 cancer cases), both with and without Al. The authors
found that the performance of the radiologists in detecting malignant lesions with AT result-
ed in a higher mean AUC than that without AT (0.852 vs. 0.795). The average difference in the
AUC was 0.057 (p < 0.01). Sensitivity increased from 77.0% without AT to 85.0% with AI (8.0%;
p <0.01), and specificity increased from 62.7% without Al to 69.6% with Al (6.9%, non-inferi-
ority; p < 0.01). The recall rate for non-cancer cases decreased from 38.0% without Al to
30.9% with Al (-7.2%); non-inferiority; p < 0.01). Pinto et al. (22) performed a retrospective ob-
server study of 190 single-view wide-angle DBT examinations and found that when interpret-
ing images with AI support, the AUC was higher than that without AI support (0.88 vs. 0.85;
p =0.01). Sensitivity improved with AT support (86% vs. 81%; p = 0.006), with no differences in
specificity (73% vs. 71%; p = 0.48) or reading time (48 s vs. 45 s; p = 0.35). In another retrospec-
tive analysis of 15999 DM and DBT examinations (15998 women with 113 cancers), standalone
AT demonstrated an AUC of 0.93 for DM and 0.94 for DBT (23). Al demonstrated non-inferior
sensitivity for both DM and DBT when compared with single- or double-reader evaluations.
Notably, although standalone Al reduced the recall rate for DM by 2% (from 5.1% to 3.1%; p <
0.001), it increased the recall rate for DBT by 12% (from 4.4% to 16.7%; p < 0.001). The authors
explained that the high recall rate observed in that study reflected results from a real-life
screening environment, and suggested that the difference compared to prior DBT Al studies

(21) might be due to the studies being conducted with enriched samples (23).
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Fig. 1. A76-year-old woman presented for diagnostic breast imaging due to a lump in the left upper outer breast.

A, B. DBT consisting of craniocaudal (A) and mediolateral oblique (B) views shows a 2 cm irregular spiculated mass with architectural dis-
tortion (arrows) in the left upper outer breast.

C. The artificial intelligence algorithm outlines lesions across various slices of the DBT, with maximum scores of 83 (slice 18) and 90 (slice
18) noted on craniocaudal and mediolateral oblique views, respectively. The mass was finally identified as invasive ductal carcinoma. Im-
age courtesy of Lunit.

DBT = digital breast tomosynthesis

Most existing studies on Al for DBT have been conducted in women from the United States
or Europe but studies evaluating the performance of Al in Asian women are rare. Park et al. (24)
conducted a deep-learning-based Al algorithm study using DBT data from 258 women (65 can-
cers) collected from 14 South Korean and United States institutions. The stand-alone AI had an
AUC of 0.9 and demonstrated a specificity (89.6%) higher than that achieved by radiologists
(77.3%) (p < 0.001). In a reader study, the AUC for radiologists improved from 0.90 to 0.92 with
AT aid (p = 0.003). When reading with Al the radiologists’ sensitivity increased from 85.4% to
87.7% (p = 0.04), with no significant difference in specificity.

DECREASED WORKLOAD

The acquisition time for DBT is longer than that for DM, and its interpretation time is re-
ported to be almost twice that of DM (25, 26), which may critically affect the workload of ra-
diologists. Unlike single images used for interpreting each plane in DM, radiologists must
navigate through a series of stacked images for each mammographic projection in DBT, with
the number of images per stack depending on the breast thickness under compression. A sig-
nificant number of DBT images results in an increased workload, leading to longer interpreta-
tion times and radiologist fatigue. Therefore, Al applications would be even more impactful
for DBT than for DM (10). In interpreting DBT images, the automated detection of abnormali-
ties across multiple projection images can assist clinicians in localizing and evaluating the

clinical significance of detected lesions. In one study, reading time was reduced by 52.7% (p <
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Fig. 2. A64-year-old woman presented for a screening examination.

A, B. DBT consisting of craniocaudal (A) and mediolateral oblique (B) views shows grouped pleomorphic calcifications with asymmetry in
the right upper outer breast (arrows), originally interpreted by the radiologist as benign calcifications (BI-RADS 2).

C. The artificial intelligence algorithm identifies lesions across various slices of the DBT, with maximum scores of 93 (slice 20) and 96 (slice
23) noted on the craniocaudal and mediolateral oblique views, respectively. The mass was finally identified as invasive ductal carcinoma.
Image courtesy of Lunit.

BI-RADS = Breast Imaging-Reporting and Data System, DBT = digital breast tomosynthesis

0.01) from 64.1 seconds without Al to 30.4 seconds with Al along with improvements in all di-
agnostic metrics (21). The reader study from a cohort that included Korean women also dem-
onstrated a decrease in reading time from 54.41 seconds without Al to 48.52 seconds with Al
(p <0.001) (24). However, in another study using single-view wide-angle DBT, no differences in
reading time (48 s vs. 45 s; p = 0.35) were observed, but improvements in average sensitivity
were noted. In that study, the use of the Al support system reduced the reading time by 8% for
low-suspicion examinations (Transpara scores of 1-6) and increased the reading time by 27%
for high-suspicion examinations (scores of 7-10) when compared with unaided reading. The
authors suggested that reading time in their study was influenced by the reading strategies
employed by readers. Although readers were encouraged to take advantage of the AT system
while reading the examinations, they had the option of hiding the AT marks at the beginning,
assessing the examination independently, and later revealing the Al marks to verify their eval-
uation. This process could potentially add extra time to the overall reading (22).

DBT AI has also been tested in triage mammographic examinations. In a retrospective
study of 5182 DBT screening examinations, a simulated workflow was used to classify cancer-
free examinations that could have been excluded from the screening worklist. In this simula-

tion, using Al to automatically filter out cases resulted in a 39.6% reduction in workload,

https://doi.org/10.3348/jksr.2025.0011 209



JOURNAL of

THE KOREAN SOCIETY of

RADIOLOGY

Artificial Intelligence in Digital Breast Tomosynthesis

AydesZowwew o1ayuAs = WS ‘Ayd

-esSowwew |euSip paty-1Ing = WA44 ‘Uonensiuiwpy 8nig pue poo = a4 ‘sisayuAsowoy ysealq |eusip = 1dQ @nbijqo jessiejolpaw-|epnedoiueld = ON-DD ‘9duadijjsul jeiie = |y

"€T pUe ZT S9oUal3jal :921N0S

Wa44 ‘190 €20¢/S/01 XLIRNIND 0'TAOIuyWd UOND3IP UONEDYYID|ED |elIaLie Jsealq
WS ‘Wa44 020Z/0€/0T 1e1qqessiym Kusuagym
suondafoid 190 ‘a4 9T0T/L/T paywi sai3ojouyda] yiesH esedjop a1emyos 3uigew eiedjop
NS ‘Wa44 1202/62/1 Suidew) a3esIA Ayisuaq 1seaig agesin
NS ‘Wa44 €eoe/T1/et ‘A€ 1e21p3jA JUI04USI0S 0'0°T Ausuaq esedsuel|
NS ‘Wa44 teoz/ot/et UneaHdaaq Aususq-o8ies
suondsfoid 19a ‘Wad4 1102/02/0T JI30]0H  2JeMYOS JUBWISSISSY AJIsuaq Isealg 7'z esauend)
NS 8T0¢/S/v avo! 0"\ JUBWISSISSY AlISU( YO0 T4aMOd
suoafoid 190 ‘WA44 8102/9/¢ SI99UIL) EAH SUBWAIS agydisu

NS ‘Wa44 020¢/61/C seysuaq 1efysusp juawssasse Alisuap isealg

Na44149a 1202/91/v UeaHdaaq O-981es adeu|
Wa44 ‘190 0z0e/s/e 'N'g |edIPSIN JUI0dUdRIdS T'L'T eledsues]
WS ‘Wa44 ‘19a Teoz/tr/s UneaHdaaq xg-o31es
14d 6102/¥/0T avo! 0"€A 94BMYOS | PUNO40id
WS ‘Wa44‘19a 120¢/9¢/11 jexidesay | SECTRINIHITIN

14a €202/9/11 Hun 190 LHOISNI HunT sisoudelp
14a 0202/81/11 OIZ0]0H  UOREIHODOTIN-DD YHM 07 UOIIRIRQ Y SNIUSD  pue UO[D319p pajsisse-1andwo)
Kjepopn Jenoaddy ya4 jenu jo ayeq Jainypejnuep aweN npoid asn

190404 519Nnpoid |V paies|d-vadd ‘T @1qel

jksronline.org

210



JOURNAL of
THE KOREAN SOCIETY of
J Korean Soc Radiol 2025;86(2):205-215 RADIOLOGY

non-inferior sensitivity (413 of 459 detected cancers; 90.0%; p = 0.002), and a 25% lower recall
rate (358 recalls in 5182 examinations; 6.9%; p = 0.002). In a previous study, the AUC for
standalone AI was higher than that of the average reader (0.84 vs. 0.81; p = 0.002) (27). Raya-
Povedano et al. (28) retrospectively analyzed 15987 consecutive combined DM and DBT cases,
and simulated the application of a previously validated Al model as an autonomous triaging
system. When compared with the double reading of DBT images (568 h needed), DBT with Al
resulted in a 72.5% less workload (156 h needed; p < 0.001), non-inferior sensitivity (95 of 113
cancers detected; p = 0.38), and a 16.7% lower recall rate (p < 0.001, 588 recalls in 15987 ex-

aminations).

INCREASED CONSPICUITY OF SUSPICIOUS LESIONS ON 3D DBT AND SM

Each DBT projection adds detector readout noise when compared with 2D mammography,
which is propagated to the reconstructed DBT volume. This potentially obscures subtle signs
of breast cancer such as microcalcifications (29). Researchers have attempted to improve the
visibility of findings on DBT sections reconstructed from projection images by eliminating
normal tissue that can obscure important findings or highlight suspicious findings (10). Gao
et al. (29) tested a deep convolutional neural network framework for denoising DBT images by
focusing on enhancing the conspicuity of microcalcifications and spiculations. The frame-
work showed an improved contrast-to-noise ratio and detectability index for simulated micro-
calcifications in validation of DBT phantoms.

Al-based techniques to increase the conspicuity of suspicious lesions can also be applied to
SM (30). Recently, SM has been commonly used to replace DM images, which may double the
radiation dose when used in combination with DBT. Most studies comparing DM-DBT with
SM-DBT have reported comparable recall and CDRs (31). Currently, Al is used to create SM im-
ages, replicate DM images, and highlight suspicious findings. In computer-aided detection
(CAD)-based approaches (32-34), suspicious regions are identified on DBT slices and projected
onto a 2D image to generate an SM image that offers a clearer representation of the suspicious
findings. This SM image combines the advantages of a standard 2D breast view with enhanced
visibility of suspicious areas in 3D slices. Fotin et al. (32) evaluated enhanced SM images in a
study with five-readers, each reviewing 30 cases. This approach led to a 5.4% reduction in radi-
ologist interpretation time, 6.7% increase in sensitivity, and 15.6% increase in specificity. Lotter
etal. (17) developed an annotation-efficient deep learning AT model that classified an enhanced
SM as showing cancer or no cancer. In a reader study, the Al model significantly outperformed
five radiologists, improving sensitivity by 14% while maintaining the specificity of the “average
reader” Using a commercially available system in which CAD detects and extracts suspicious
masses, architectural distortions, and asymmetries from DBT planes, and blends them into SM
to create CAD-enhanced images, radiologists can quickly review the enhanced images and
navigate to the corresponding planes to confirm or dismiss potential lesions (35). A retrospec-
tive study involving six radiologists reviewing 80 DBT cases (including 23 malignant lesions)
found that the concurrent use of CAD reduced reading time while maintaining similar sensitiv-
ity, specificity, and recall rates to reading without CAD (35).

https://doi.org/10.3348/jksr.2025.0011 211
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BREAST DENSITY ASSESSMENT

Mammographic breast density is an independent risk factor of breast cancer. However, its
use in risk assessments and research is constrained by significant inter- and intraobserver vari-
ability in how radiologists classify breast density (36). To more accurately assess the amount of
fibroglandular tissue relative to the total volume of the breast, volume-based density (VBD)
estimation techniques are used with true 3D imaging modalities, such as MRI, or estimated
from DBT projection images. A previous study found a significant correlation between VBD
estimates from DBT and those from MRI (r = 0.88, p < 0.001), and differences in VBD estimates
between DBT and MRI were not significant (p = 0.26) (37). A deep learning-based reconstruc-
tion algorithm for breast density estimation showed high accuracy (less than £3%) when test-
ed on breast phantoms (38). In a case-control study using contralateral DM-DBT in women
with unilateral breast cancer and age- and ethnicity-matched controls, the volumetric percent
density (VPD) was estimated from DBT and compared with breast density estimates from DM.
The results demonstrated that volumetric density estimates calculated from DBT (odds ratio
[OR], 2.3 per standard deviation [SD] of VPD%) had a stronger association with breast cancer
than area-based percent density estimates from DM (OR, 1.3 per SD for raw DM and 1.7 for
processed DM) and DM-derived VPD% (OR, 1.6 and 1.7 per SD) (39).

FUTURE CONSIDERATIONS

Many of the studies explored in this review focused on the value of AI for DBT, although this
has not yet been fully explored in real-world clinical settings. Certain Al systems have primar-
ily been investigated through retrospective studies and simulations. As has been observed in
many other fields, building large-scale DM and DBT datasets for AT model development can
lead to significantly improved models. Given the difficulty in obtaining labels for such large
datasets, self-supervised learning (SSL) approaches, which involve training models to generate
meaningful representations using unlabeled data, have become increasingly important. Un-
like supervised learning, SSL allows for the creation of generalist models that can be fine-
tuned for many downstream tasks without large-scale labeled datasets (40). These methods
are expected to enhance both overall performance and generalization capabilities.

Despite these challenges, Al has a significant potential to transform the landscape of DBT
and breast imaging, enhancing both patient experience and clinical outcomes. Prospective
studies on the application of Al for DBT in clinical practice, particularly large-scale studies in-
volving true screening populations, are required to assess the cost-effectiveness and real-

world impact of AT models in assisting DBT interpretation.

CONCLUSIONS

Recent studies have highlighted several promising Al applications in DBT imaging work-
flows. AT has been demonstrated to improve radiologist CDRs and reduce the recall rates and
reading times with DBT. Numerous studies confirmed that Al tools offer diagnostic perfor-
mance comparable to that of radiologists in identifying and characterizing abnormal DBT

findings. However, most of these applications are still in the research stage and larger pro-
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spective studies are required to demonstrate their clinical efficacy.
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