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Challenge

Medical imaging is under significant
pressure to increase efficiency. Patient
populations are aging, which means
the volume, complexity, and resolution
of images are increasing, but the size
of the radiology workforce is flat or
shrinking. Even in the first world,
many countries have shortages of
radiologists, particularly in rural areas.
In the third world, the lack of radiology
expertise is widespread.'

2 Al in Healthcare

Therefore, radiology departments need to carry out
more exams with fewer personnel. Al can serve

as a valuable aid, enabling departments to make
better use of limited resources. By providing pre-
screening or pre-analysis, Al will be able to operate
as a co-pilot, helping radiologists be more efficient
by surfacing critical results—or exceptions—and
enabling radiology teams to focus attention on
urgent care patients first.




According to the NIH, magnetic
resonance imaging and computed
tomography are the most involved
Al techniques?®

Solution

Machine learning methods are being
applied in all areas of the medical
imaging workflow —from image
acquisition to analysis to reporting.
For example, a medical startup
company is developing a suite of
medical imaging applications that
can enable contrast reduction, up
to 4x faster scans, or both. This
improves patient comfort and safety
while increasing the productivity of
a radiology department.

Deep learning models are being developed for a wide
range of conditions, promising to increase the speed
and accuracy of analysis and enable earlier disease
detection. High-profile areas under study include
detection of lung nodules, brain cancer, multiple
sclerosis (MS), breast cancer, and prostate cancer.
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Some Al-powered diagnostic techniques are even
moving beyond the clinic. The University of Michigan
Kellogg Eye Center is combining a smartphone-
mounted device for retinal imaging with a proprietary
Al software platform called EyeArt.* This solution can
determine in real time whether a diabetes patient
should see an ophthalmologist for follow-up.

Regardless of the application, usually the first step is
collecting a data set with examples of both diseased/
damaged and healthy tissue for the target condition.
The data set must be prepared and, in most cases,
clearly annotated. Today, annotation is still usually a
time-consuming manual process.

Much of the significant Al work to date has been
accelerated through the use of publicly available,
annotated data sets. For example, for lung nodule
studies, the Lung Image Database Consortium image
collection (LIDC-IDRI) provides a set of computed
tomography (CT) scans with annotated lesions. This
data set was used for the Lung Nodule Analysis 2016
(LUNA16) challenge contest which concluded in early
2018 with significant results.®

Also, the use of federated learning (or collaborative
learning) enables multiple institutions or researchers
to build a common, robust machine learning model
without sharing data. In other words, the datasets
don’t have to leave the hospital, bypassing issues
around data privacy and security.

Most involved imaging subspecialties,
as determined by total number of
papers published by the NIHS:

#1 Neuroradiology*

#2 Musculoskeletal**

#3 Cardiovascular**

#4 Breast™*

#5 Urogenital™

#6 Lung/thorax**

#7 Abdominal radiology**

* Accounts for ~33% papers
** Each representing 6-9% of papers



The University of Michigan Kellogg Eye
Center is combining a smartphone-
mounted device for retinal imaging with
a proprietary Al software platform called
EyeArt. This solution can determine in
real time whether a diabetes patient
should see an ophthalmologist for
follow-up.

Benefits

Accenture estimates that Al

The potential time savings alone is substantial. The
exponential growth of radiology studies—and the
number of images in each study—is exacerbating
the shortage of radiologists who are able to read
these studies. Leveraging Al, the radiologists can
now prioritize which studies to read first, and in
some cases, they are freed from the mundane, and
are able to concentrate on more challenging tasks.

The positive, immediate impacts of Al in medical

imaging can be numerous:

+ Faster reporting with Al prepopulated reports
that radiologists can edit for accuracy.

+ Easier cohorting of studies for image or
patient similarity.

+ Better identification of studies with no significant
findings. Many people assume Al is only good at
finding abnormalities but what is proving more
useful is the faster classification of normal or

applications in healthcare could save
up to $150 billion annually by 2026.7
In cash-strapped community hospitals,
those kinds of savings can help keep

negative studies. This leaves the radiologist more
time to review the abnormal ones.

+ Better processing of electronic medical records,

presenting the radiologists with timely, relevant

the doors open. In addition, Al has
the potential to replace many of the
menial tasks currently performed by
radiologists, as well as integrating
data mining into the electronic
medical records process.
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clinical information about their patients.

+ Built-in mechanisms for quality control and
communication between radiologists and
technologists.

Accenture estimates that Al
applications in healthcare could save
up to $150 billion annually by 2026.



Al is not going to replace radiologists.
Instead, Al is going to help
radiologists and the healthcare
system in general.

Conclusion

Al is already impacting radiology, and

more quickly than other medical fields.

Any uneasiness among radiologists to
embrace Al is somewhat analogous
to how airline pilots were reluctant

to embrace autopilot technology in
the early days of automated aircraft
aviation. Obviously, Al is not going

to replace radiologists. Instead, Al

is going to help radiologists and the
healthcare system in general.

Radiologists should be aware of the basic principles
of how Al observations are obtained and how they
should be interpreted. Datasets used to train Al
models do have limitations and can potentially
include bias. In this new paradigm, radiologists will
need to know how to interact with Al solutions, how
to flag studies that provided incorrect results or failed
Al processing, and how to interact with the data
scientists and IT supporting these solutions.

To this end, NetApp and NVIDIA are partnering

to deliver the right Al solutions for the healthcare
industry.8 Both companies are laser-focused on
eliminating Al bottlenecks and advancing the realm
of the possible at a rapid pace. NetApp’s attention
to the data pipeline amplifies NVIDIA’s efforts to
accelerate compute.

1 NetApp

By combining technologies from both companies,
NetApp’s ONTAP Al accelerates all facets of Al
training and inference, to deliver better outcomes
more quickly. The solution brings together NVIDIA
DGX supercomputers, NetApp cloud-connected all-
flash storage, and Cisco Nexus switches. This proven
architecture simplifies, integrates, and accelerates
both machine learning and deep learning algorithms,
and allows you to start small and grow as needed
without disruption. The ONTAP Al Toolkit offers an
array of tools and functions to simplify setup and
operation, delivering immediate productivity.

Al solutions for healthcare.
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In a world full of generalists, NetApp is a specialist.
We’re focused on one thing, helping your business
get the most out of your data. NetApp brings the
enterprise-grade data services you rely on into the
cloud, and the simple flexibility of cloud into the data
center. Our industry-leading solutions work across
diverse customer environments and the world’s
biggest public clouds.

As a cloud-led, data-centric software company,

only NetApp can help build your unique data fabric,
simplify and connect your cloud, and securely deliver
the right data, services and applications to the right
people—anytime, anywhere. www.netapp.com

1. https://www.ncbi.nim.nih.gov/pmc/articles/PMC4656240/

2. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6199205/

3.ibid
4.https://www.eurekalert.org/pub_releases/2019-04/mm-u-edo042519.php
5.https://lunal6.grand-challenge.org/Description/

6. https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6199205/
7.https://www.accenture.com/sg-en/insight-artificial-intelligence-healthcare

8. https://www.netapp.com/us/media/tr-4811.pdf

© 2021 NetApp, Inc. All Rights Reserved. NETAPP, the NETAPP logo, and the marks listed at http://www.netapp.com/TM are trademarks of NetApp, Inc.

Other company and product names may be trademarks of their respective owners. NA-424-1021



http://www.netapp.com/TM
http://www.netapp.com
http://www.netapp.com
 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4656240/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6199205/
https://www.eurekalert.org/pub_releases/2019-04/mm-u-edo042519.php
https://luna16.grand-challenge.org/Description/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6199205/
https://www.accenture.com/sg-en/insight-artificial-intelligence-healthcare
https://www.netapp.com/us/media/tr-4811.pdf
https://www.netapp.com/us/artificial-intelligence/healthcare-ai-analytics/index.aspx

Copyright Information

Refer to the Interoperability Matrix Tool (IMT) on the NetApp Support site to validate that the exact product and feature versions described in this document are supported for
your specific environment. The NetApp IMT defines the product components and versions that can be used to construct configurations that are supported by NetApp. Specific
results depend on each customer’s installation in accordance with published specifications.

Copyright © 2021 NetApp, Inc. All Rights Reserved. Printed in the U.S. No part of this document covered by copyright may be reproduced in any form or by any means—graphic,
electronic, or mechanical, including photocopying, recording, taping, or storage in an electronic retrieval system—without prior written permission of the copyright owner.

Software derived from copyrighted NetApp material is subject to the following license and disclaimer:

THIS SOFTWARE IS PROVIDED BY NETAPP “AS IS” AND WITHOUT ANY EXPRESS OR IMPLIED WARRANTIES, INCLUDING, BUT NOT LIMITED TO, THE IMPLIED
WARRANTIES OF MERCHANTABILITY AND FITNESS FOR A PARTICULAR PURPOSE, WHICH ARE HEREBY DISCLAIMED. IN NO EVENT SHALL NETAPP BE LIABLE FOR ANY
DIRECT, INDIRECT, INCIDENTAL, SPECIAL, EXEMPLARY, OR CONSEQUENTIAL DAMAGES (INCLUDING, BUT NOT LIMITED TO, PROCUREMENT OF SUBSTITUTE GOODS OR
SERVICES; LOSS OF USE, DATA, OR PROFITS; OR BUSINESS INTERRUPTION) HOWEVER CAUSED AND ON ANY THEORY OF LIABILITY, WHETHER IN CONTRACT, STRICT
LIABILITY, OR TORT (INCLUDING NEGLIGENCE OR OTHERWISE) ARISING IN ANY WAY OUT OF THE USE OF THIS SOFTWARE, EVEN IF ADVISED OF THE POSSIBILITY OF
SUCH DAMAGE.

NetApp reserves the right to change any products described herein at any time, and without notice. NetApp assumes no responsibility or liability arising from the use of products
described herein, except as expressly agreed to in writing by NetApp. The use or purchase of this product does not convey a license under any patent rights, trademark rights,
or any other intellectual property rights of NetApp.

The product described in this manual may be protected by one or more U.S. patents, foreign patents, or pending applications.

Data contained herein pertains to a commercial item (as defined in FAR 2.101) and is proprietary to NetApp, Inc. The U.S. Government has a non-exclusive, non-transferrable,
non-sublicensable, worldwide, limited irrevocable license to use the Data only in connection with and in support of the U.S. Government contract under which the Data was

delivered. Except as provided herein, the Data may not be used, disclosed, reproduced, modified, performed, or displayed without the prior written approval of NetApp, Inc.

United States Government license rights for the Department of Defense are limited to those rights identified in DFARS clause 252.227-7015(b).


http://www.netapp.com
https://mysupport.netapp.com/matrix/#welcome

