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Breast cancer is the most common cancer in wom-
en globally (1). The Australian national screening
program offers free biennial mammographic screening
targeted to women aged 50-74 years (available from
age 40 years), with approximately 1 million women
screened annually (2). The program has successfully
led to a 41%-52% reduction in mortality for screen-
ing participants and a 21% reduction in population-
level breast mortality (3).

Recent studies demonstrated that artificial intelligence
(AI) may detect breast cancer on mammograms, approach-
ing radiologist-level performance in standalone mode and
improving radiologist performance in support mode (4,5).
However, current evidence relies on small, retrospective,
cancer-rich datasets (6). The potential for Al in the screen-
ing population is also being explored (7-9). Larger-scale,
well-curated image datasets enhanced with associated
demographic and clinical nonimage data and integrated
with real-time deployments in clinical operations are now
crucial for the future development and translation of Al
algorithms into clinical practice. Globally, there are only a
few mammographic datasets available for such research, as
outlined in Table S1.

This article describes the curation of annotated digi-
tal mammogram and associated nonimage datasets (AD-
MANI1, ADMANI2, and ADMANI3) containing
4411263 images from 629863 women and 1048345
screening episodes performed at the state screening service.
These datasets were developed by the Transforming Breast
Cancer Screening with Al (BRAIx) program to enable the
development of Al-based algorithms to aid breast cancer

detection in the mammographic screening population and
support risk-based screening (10). We intend to continue
growing the datasets over subsequent years.

Materials and Methods

Ethics

Use of the ADMANI datasets is governed under the ex-
ecuted BRAIx Multi-Institutional Agreement, with ap-
provals by the human research ethics committee (approval
nos. LNR/18/SVHM/162 and LNR/19/SVHM/123).
All women sign a consent form at screening registra-
tion that provides for the use of the de-identified data
for research purposes. A unique identifier is used for the
purposes of the ADMANI datasets, with all image and
nonimage data de-identified.

Screening Episode Structure

The datasets are structured around an individual screen-
ing episode of a woman attending BreastScreen Victoria.
A screening episode is defined as a single screening round
that includes mammography, reading, assessment, and
the subsequent 2-year screening interval (Fig 1).

Details for Each Step Are Below

Mammography.— Screening episodes with a minimum
of four standard full-field digital mammograms com-
prising one mediolateral oblique and one craniocaudal
image of each breast were included, including those
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Abbreviations

ADMANI = Annotated Digital Mammograms and Associated
Non-Image data, Al = artificial intelligence, BRAIx = Transforming
Breast Cancer Screening with Artificial Intelligence, 2D = two-
dimensional

Summary

The ADMANI datasets are large-scale, multicenter, clinically curated
breast screening mammographic datasets created for artificial intel-
ligence algorithm development.

Key Points

= The Annotated Digital Mammograms and Associated Non-
Image data (ADMANI) datasets comprise 4411 263 images from
629 863 patients.

= The ADMANI datasets provide strong ground truths with histo-
pathologic proof of cancer and 2-year interval history for noncan-
cer.

= A subset will be available for the Radiological Society of North
America Breast Cancer Detection A Challenge.

Keywords
Mammography, Screening, Convolutional Neural Network (CNN)

with implants, prior surgery, and prior cancers. Screening ep-
isodes were excluded if the outcome could not be determined
or if matching images and nonimage data were lacking. For
screening episodes with multiple imaging attempts, the final
was selected.

Reading.— Each set of mammograms was read independently
by two breast imaging radiologists who registered either an in-
dication for cancer with image annotation or an all clear.

If both radiologists registered an indication, the woman
was recalled for assessment; if both registered all clear, the
woman was recommended for routine rescreening (typically
in 2 years). When both radiologists disagreed, a third radiolo-
gist aware of the discordance read the set of mammograms to
make the final decision.

Assessment.— Women recalled for assessment underwent fur-
ther imaging, including digital breast tomosynthesis and/or
US, and a needle biopsy if required, to determine cancer diag-
nosis. A very small number of women required open diagnostic
biopsy to complete assessment.

Screening interval.— Interval cancer was determined if wom-
en recommended for routine rescreening at the reading or as-
sessment stages were diagnosed with breast cancer during the
2-year interval prior to their next screening episode.

Ground Truth

Ground truth for cancer was based on histopathologic find-
ings, predominantly from both biopsy assessment and subse-
quent surgery for confirmation, or the reporting of interval
cancer during the 2-year screening interval.

Ground truth for noncancers was an all clear outcome after
reading or assessment and the subsequent screening interval.

Key Clinical Variables

For each screening episode, data were examined at four lev-
els: individual reader outcomes, consensus reading outcome,
assessment outcome, and final screening episode outcome.
Individual reader outcomes were recorded for each episode as
follows: (@) all clear: a reader records no indication for cancer
on left and right breast images; and (%) indication for cancer:
a reader records an indication for cancer on left, right, or both
breast images (in event of bilateral cancer indication). Consen-
sus reading outcomes were assigned for each episode as follows:
(a) normal: episodes assigned as all clear by both readers, or
by the third reader for discordant opinions; and (4) recall for
assessment: episodes in which both readers, or the third reader
for discordant opinions, recorded indications for cancer.

For women recalled, the episode was assigned the most prog-
nostically significant assessment outcome, as follows: (z) assessed
normal: an episode where the woman was recalled but findings
were assessed as either benign or having no significant abnormal-
ity; () screen-detected cancer: an episode where the woman was
recalled and assessed as having ductal carcinoma in situ and/or
an invasive malignancy, with histopathologic confirmation fol-
lowing surgery.

'The final screening episode outcome was recorded based on the
reading and assessment outcomes and the woman’s history in the
subsequent 2-year interval between screening rounds, as follows:
(a) false negative: an episode assigned normal following consen-
sus reading or assessment (benign or no significant abnormality),
but a cancer registry notification indicates the woman developed
breast cancer in the subsequent 2-year interval between screen-
ing episodes (ie, interval cancer); () true negative: an episode in
which the reading outcome is normal, and the woman was not
diagnosed with an interval cancer; (¢) false positive: an episode in
which the reading outcome is a recall for assessment, the assess-
ment outcome is normal, and the woman was not diagnosed with
an interval cancer; (d) true positive: an episode in which the read-
ing outcome is recall for assessment and the assessment outcome is
a (biopsy-proven) screen-detected cancer.

The images of the breast associated with the final screening
episode outcome were classified accordingly along with the asso-
ciated reading and assessment outcomes. The images of the other
breast, while associated with the final screening episode outcome
for the woman, were also classified (except in the occurrence of
a bilateral cancer) with the less prognostically significant reading
and assessment outcomes (Fig 2).

Resulting Dataset

Dataset Characteristics

The ADMANI datasets, comprising three subsets (titled as
ADMANI1, ADMANI2, and ADMANI3), contain more
than 4.4 million images (629 863 women) from more than 1
million screening episodes, including both image and associ-
ated nonimage data. There are a total of 22270 screen-detected
cancer images (10247 screening episodes) and 6641 interval
cancer images (3097 screening episodes) in the datasets. Of the
10247 screening episodes with a screen-detected cancer, 8128
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Figure 1: Overview of a BreastScreen Victoria screening episode with key clinical outcomes. CC = cranio-
caudal, L = lefi, MLO = mediolateral oblique, R = right, 2D = two-dimensional.

of 10247 (79%) are invasive and 2119 of 10247 (21%) are ADMANII was established as a cancer-rich dataset for early
ductal carcinoma in situ. Table S2 describes the characteristics in silico model development and testing. It consists of 228901
of the cancers in the dataset. images from 54251 episodes.
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Figure 2: A typical four-view mammogram from a screening episode. The final screening episode outcome for this
woman was frue positive, with a screen-defected cancer on the left breast as annotated. The left breast images were clas-
sified with this final screening episode outcome along with the associated reading and assessment outcomes. The lesion on
the right breast was also indicated for assessment and defermined to be benign. As such, the right breast images, although
associated with a true-positive screening episode, were classified with the less prognostically significant reading (recall for
assessment) and assessment (assessed normal with benign lesion) outcome. CC = craniocauddl, L = left, MLO = mediolat-

eral, R =right.

Table 1: Breakdown of Final Screening Episode Outcomes in ADMANIT-3

ADMANI1 ADMANI2 ADMANI3*

Screening Episode Outcome (2013-2015)  (2016-2017)  (2018-2019)  All
False positive (assessed normal and no interval cancer) 14325 19801 18983 53109
False negative” (normal or assessed normal and interval cancer) 1279 1021 797 3097
True negative (normal and no interval cancer) 35256 473076 473560 981892
True positive (screen-detected cancer) 3391 3542 3314 10247
Toral 54251 497 440 496 654 1048345

Note.—ADMANI = Annotated Digital Mammograms and Associated Non-Image data.

* Awaiting interval cancer data from 2018 and 2019; therefore, final numbers will be updated.

T While interval cancers for typical screening performance measures include only invasive breast cancers, the ADMANI dataset interval
cancer cohort includes invasive breast cancers and ductal carcinoma in situ.
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Table 2: Demographic and Risk Category Information of Women in the
Dataset
Characteristic ADMANI Dataset RSNA Challenge
Age group (y)
40 to 49 58445 828
50 to 59 238000 4042
60 to 69 215982 3995
70 to 79 110654 1043
80 to 89 6633 92
90 to 99 149 0
Country of birth
Australia 413408 6668
United Kingdom 39859 117
Vietnam 14561 308
TItaly 13505 281
China 13475 122
Greece 9964 217
New Zealand 9348 135
Philippines 7186 105
India 6646 81
Malaysia 6296 0
Other 95605 1545
Risk category*
None 48297 1940
Average 521976 7220
Moderate 37040 532
High 22550 308
Personal history of breast cancer
No 627372 9980
Yes 2491 20
All 629863 10000
Note.—Data are numbers of women. Responses are obtained from the most recent
screening round. ADMANI = Annotated Digital Mammograms and Associated Non-
Image data, RSNA = Radiological Society of North America.
* Collected from November 2016.

ADMANI2 and ADMANI3 were established as large-
scale, population-based, longitudinal resources that reflect the
real-world screened population with low incidence of breast
cancer and include diagnosed interval cancers. The AD-
MANI2 dataset consists of 2095085 images from 497 440
episodes from women screened in the state during 2016 and
2017. The ADMANI3 dataset consists of 2087277 images
from 496 654 episodes from women screened in the state dur-
ing 2018 and 2019. These datasets enable real-world evalua-
tion of Al models and their application at different operating
points throughout the screening episode.

The number of episodes by final screening episode out-
come and age group in these datasets is outlined in Tables 1
and 2, respectively.
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Image Data

The ADMANI datasets include “for presentation” digital
screening mammograms acquired from six different manu-
facturers: Siemens, Hologic, Philips, Fujifilm, Sectra Imtec,
and Konica Minolta (Fig 3). Imaging data include kilovoltage
peak, x-ray tube current in milliamperes, and exposure time
in milliseconds. Expert radiologist annotations are provided
where available from the original read of the mammogram
(drawn region of interest or localization by quadrant).

Nonimage Data

The ADMANI datasets include patient, radiologist reading,
and histopathologic data. Patient data collected at the time of
the episode include age, country of birth, risk category (av-
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Figure 3:

erage, moderate, and high), symptoms (eg, lump, nipple dis-
charge), and other personal characteristics, such as the use of
hormone replacement therapy. Radiologist reading data in-
clude the lesion side and grade. Histopathologic data contain
surgical specimen results, including lesion subtype.

Discussion
The development of large-scale, longitudinal datasets is essential to
facilitating the translation of Al into clinical practice. These datasets
require clinical input and structured processes to ensure appropriate
links between image and nonimage data. As Al methods advance
and more questions are posed, there will be considerable value in
well-curated, real-world datasets such as the ADMANI datasets.
The ADMANI datasets are currently supporting real-world
retrospective and prospective studies, providing the flexibility to
evaluate feasibility of Al deployment within different stages of
the screening pathway. Potential applications for Al in mammo-
graphic screening include triaging, replacing certain radiologist
readers, or decision support. Each potential application requires
thorough evaluation of the clinical and economic impact in a
population setting. The ADMANI datasets offer an avenue for

such evaluation.

There remain a number of limitations to dataset curation for
Al development. More research is required to understand the
nature of interval cancers that could be detected with Al versus
those that arise de novo in the screening interval. Additionally,
the availability of digital breast tomosynthesis images and breast
US images are yet to be included.

The nontransformed image and nonimage data that estab-
lished the ADMANI datasets are being used by the ADMANI
program under license agreement with the state screening pro-
gram. We are currently developing the necessary funding and

=== Vendor 1
~=Vendor 2
== Vendor 3
== Vendor 4
== Vendor 5
== \lendor 6

2017 2018 2019

Manufacturer distribution across the datasets. ADMANI = Annotated Digital Mammograms and Associated Non-Image data.

governance to support future availability of these datasets. A
subset of 40000 images from 10000 episodes will be pro-
vided for the Radiological Society of North America Mam-
mography Breast Cancer Detection Al Challenge, launching
on November 28, 2022. The challenge training dataset will be
made public when the challenge is launched and will remain
available to researchers when the challenge concludes. The
10000 episodes will be randomly selected from the dataset
from a 3-year period.
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