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At A Glance

¢ A collaboration among two medical societies and volunteer neuroradiologists has resulted in the largest public collection of brain hemorrhage CT
images.

o The creation of the dataset stems from the RSNA Al Intracranial Hemorrhage Detection and Classification Challenge.

o The dataset was released under a non-commercial license, freely available to the machine learning research community for non-commercial use and
further enhancement.

OAK BROOK, Ill. — An unprecedented collaboration among two medical societies and over 60 volunteer neuroradiologists has resulted in the generation of
the largest public collection of expert-annotated brain hemorrhage CT images, according to a report published in Radiology: Artificial Intelligence. Leaders
of the project expect the dataset to help speed the development of machine learning (ML) algorithms to aid in the detection and characterization of this
potentially life-threatening condition.

The creation of the dataset stems from the most recent edition of the Radiology Society of North America (RSNA) Artificial Intelligence (AI) Challenge.
For the 2019 edition, participants were asked to create an ML algorithm that could assist in the detection and characterization of intracranial hemorrhage on
brain CT. Accuracy in diagnosing the presence and type of intracranial hemorrhage is a vital part of effective treatment, as even a small hemorrhage can lead
to death if it is in a critical location.

Rather than using an existing dataset, as had been done for the first two challenges, the competition’s organizers set out to create one from scratch. They
compiled the brain hemorrhage CT dataset from three institutions: Stanford University in Palo Alto, California, Universidade Federal de Sdo Paulo in Sdo
Paulo, Brazil, and Thomas Jefferson University Hospital in Philadelphia, Pennsylvania.
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“The value of this challenge is to create a dataset that might lead to a generalizable solution, and the best way to do that is to train a model from data
originating from multiple institutions that use a variety of CT scanners from various manufacturers, scanning protocols and a heterogeneous patient
population,” said the paper’s lead author, Adam E. Flanders, M.D., neuroradiologist and professor at Thomas Jefferson University Hospital. “In this case,
we had data from three institutions and international participation. The dataset is unique, not only in terms of the volume of abnormal images but also the
heterogeneity of where they all came from.”

RSNA and the American Society of Neuroradiology (ASNR) collaborated to curate the dataset and organizers issued an open call for volunteers within the
ASNR membership to annotate the images. A day-and-a-half later, they had 140 volunteers from which they selected 60 to annotate a vast trove of 874,035
brain hemorrhage CT images in 25,312 unique exams. The volunteers marked each image as normal or abnormal. For the abnormal images, they indicated
the hemorrhage subtype.

“It was a nail-biter all the way along,” Dr. Flanders said of the process. “We were building the airplane while it was in flight. When you consider the number
of images that we had to de-identify locally, consume, curate, label, cross-check and then organize into just the right datasets to release to the contestants,
there was a lot of work involved by the volunteer workforce, the RSNA Machine Learning Subcommittee, data scientists, contractors and RSNA staff.”

The dataset’s release attracted interest from far and wide. Organizers received more than 22,200 submissions from 1,787 individual competitors in 1,345
teams from 75 countries. Dr. Flanders was particularly struck by the international reach of the project and the level of enthusiasm even from people outside
of the medical realm.

“The 10 top solutions came from all over the world,” he said. “Some of the winners had absolutely no background in medical imaging.”

The dataset was released under a non-commercial license, meaning it is freely available to the Al research community for non-commercial use and further
enhancement.

Dr. Flanders said the objective of engaging with a subspecialty society to leverage their unique expertise in developing a high-quality dataset is an effective
and useful pathway to follow for future collaborations. The model worked so well that organizers are using it again for this year’s competition, a
collaboration with the Society of Thoracic Radiology seeking improved detection and characterization of pulmonary embolism on chest CT.

“I was really impressed by the huge volunteer effort and the tremendous worldwide interest in this project,” Dr. Flanders said. “The dataset we created for
this challenge will endure as a valuable ML research resource for years to come.”

“Construction of a Machine Learning Dataset through Collaboration: The RSNA 2019 Brain CT Hemorrhage Challenge.” Collaborating with Dr. Flanders
were Luciano M. Prevedello, M.D., George Shih, M.D., Safwan S. Halabi, M.D., Jayashree Kalpathy-Cramer, Ph.D., Robyn Ball, Ph.D., John T. Mongan,
M.D., Anouk Stein, Ph.D., Felipe C. Kitamura, M.D., Matthew P. Lungren, M.D., Gagandeep Choudhary, M.D., Lesley Cala, M.D., Luiz Coelho, M.D.,

Monique Mogensen, M.D., Fanny Moron, M.D., Elka Miller, M.D., Ichiro Tkuta, M.D., M.M.Sc., Vahe Zohrabian, M.D., Olivia McDonnell, M.B., M.Ch.,

RSNA AI Challenge Breaks New Page 1 of 4
Ground Copyright ©2026 Radiological Society of North America (RSNA)

https://www.rsna.org


https://www.rsna.org/uploadedFiles/RSNA/Content/Press//pressrelease/2020_resources/2176/Flanders_hs-lg.jpg
https://www.rsna.org/uploadedFiles/RSNA/Content/Press//pressrelease/2020_resources/2176/Flanders_hs-lg.jpg
http://www.facebook.com/sharer/sharer.php?u=https://www.rsna.org/media/press/i/2176
https://x.com/intent/tweet?original_referer=https://www.rsna.org/media/press/i/2176
https://www.rsna.org/media/press/i/2176?PdfExport=1

Ba.O., Christie Lincoln, M.D., Lubdha Shah, M.D., David Joyner, M.D., Amit Agarwal, M.D., Ryan K. Lee, M.D., and Jaya Nath, M.D.

Radiology: Artificial Intelligence is edited by Charles E. Kahn Jr., M.D., M.S., Perelman School of Medicine at the University of Pennsylvania, and owned
and published by the Radiological Society of North America, Inc. (hup&[[puhs.rsnamgﬁauma][al)

RSNA is an association of radiologists, radiation oncologists, medical physicists and related scientists promoting excellence in patient care and health care
delivery through education, research and technologic innovation. The Society is based in Oak Brook, Illinois. (RSNA.org)

For patient-friendly information on brain CT, visit Radiologvinfo.org.
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Figure 1. Workflow diagram for image data query, extraction, curation, anonymization, and exportation by the three contributing institutions. DICOM =
Digital Imaging and Communications in Medicine, ID = identification, MIRC-CTP = Medical Image Resource Center-Clinical Trials Processor, PACS =
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Deidentification and
Institutional review transfer of image data
rd oard and compliance *27,876 unique CT brain exams
approval process to i
l from the three institutions
*1,074,271 unigue images

Soliciting datasets from sites

*Stanford University, United States
*Universidade Federal de S3o Paulo, Brazil
*Thomas Jefferson University Hospital, United States

Onbosnding of expert Iraining snnotators Assigning data for annotation
annotators *24 training exams * Annotators assigned batches of 100
*Familiarization with annotation tools and *Correcting over- and under- exams to label
.ED:oetu;oradtc:Ingv . processes labeled images . :l,b;: V:;Te |r::: In:edmm based
annotators selected from . « No bounding boxes u
104 ASNR voiunteers Results compared to consensus labels and *Correcting contradictory labels B e et

adjudicated results by senior neuroradiologists + Single annotator for training data

Curating image data and adjudicating labels

Annotating data
*Removal of incomplete or erroneous data
=Elimination of exams that did not contain brain images
=Selecting for single axial series with 20-60 images.
=Training data were annotated by a single expert

* Maximum of 10 hours
of time requested per

annotator
i 1II86 MOntDS INCCAINC *Test data were annotated by consensus of three readers.
to annotation = Conflicting reads adjudicated by senior investigators (525)
'a
i ation sl normizo DICOM miateieei) Final Collated datasets
Final data set consisted of 25,312 exams
+*Data from each institution divided into sets of 500 =
*The last 100 exams in each seg were sel d for 21,784 used for training and
the test and validation set validation )
+Fabricated UIDs created to overwrite entire dataset. ) \ +3,528 used for testing

Figure 2. Workflow process diagram illustrates the steps to creation of the final brain CT hemorrhage dataset starting from solicitation from respective
institutions to creation of the final collated and balanced datasets. ASNR = American Society of Neuroradiology, DICOM = Digital Imaging and
Communications in Medicine, UIDs = unique identifiers.
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Figure 3. A complex multicompartmental cerebral hemorrhage on a single axial CT image displayed using the annotation tool in a single portal window.
Hemorrhage labels (left column) relevant to the image display on the bottom of the image once selected. ASNR = American Society of Neuroradiology.
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Figure 4. Distribution of examination labels in the final training (blue) and test (orange) datasets. The “any hemorrhage” designation represents when one
or more of the hemorrhage subclasses were present in the entire examination.
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Figure 5. Distribution of image-based labels in the final training (blue) and test (orange) datasets. The “any hemorrhage” designation represents when one
or more of the hemorrhage subclasses were present on an image.
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